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The real-time monitoring of corn yield by a combine harvester is a critical data source for constructing the yield histogram, which significantly benefits precision management and decision-making in modern precision agriculture. While widely used, the current photoelectric sensor-based yield monitoring method has limitations. It detects the corn height on each scraper and calculates the yield through a geometric formula. However, it neglects the noticeable difference in the corn stacking patterns affected by factors such as feeding volume, terrain, and driving speed. This oversight often results in low accuracy and poor stability in the prediction of corn yield, highlighting the need for a more advanced approach. To resolve this, we employ EDEM discrete element simulation to demonstrate the large difference of corn stacking patterns on the scraper of the elevator corresponding to feeding volume. Then, we develop a real-time monitoring system on our self-developed double elevator testing rig for carrying out a composite dataset for training three machine learning algorithm-based models, namely Deep Neural Networks (DNN), Gradient Boosting Machine (GBM), and Random Forest (RF). Importantly, these models have undergone rigorous validation under various feeding volumes, ensuring their robustness and reliability. The auxiliary elevator speed is meticulously set at 150r/min, 225r/min, and 450r/min, providing a comprehensive performance assessment. The results denote that the DNN model performs best and is stable, with a coefficient of determination (R2) of 0.998, root mean square error (RMSE) of 0.526, and mean absolute error (MAE) of 0.425. The paper also performs field experiments to test the proposed three prediction models and the system. The results also denote the DNN-based prediction model’s best performance for the lowest relative error of 2.29% and the highest average accuracy of 97.85%. Consequently, the proposed real-time corn yield monitoring system achieves high accuracy and reliability for the combine harvester applications.
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1 Introduction

Precision agriculture is a modern management approach supported by information technology that relies on multidimensional and accurate data to provide rational management decisions (Wang, 1999; Zhao et al., 2003; Reinke et al., 2011). Instantaneous grain flow rate is key to generating an accurate yield map. Each block of information on the yield map is derived from the instantaneous grain flow rate data. Only precise instantaneous flow rate information can ensure the accuracy of the yield map. Therefore, real-time yield information can generate a yield map, enabling agricultural producers better to understand the dynamics of field variability and crop growth to adjust the crop management strategies for the next planting round (Mistry and Bora, 2019). As the world’s most important and productive crop, corn accounted for 35% of the world’s total crop in 2018. It is also one of the three significant crops in China. Hence, it is essential to implement real-time yield monitoring during corn harvesting.

Corn yield monitoring can be achieved by different methods, including sample estimation, remote sensing, Internet of Things (IoT) technology, and direct measurement on a combine harvester (Zhang, 2003; Veal et al., 2010; Zhu et al., 2018; Omasa et al., 2022; Yin et al., 2022) in which sample estimation highly depends on the representative and sampling frequency. Unfortunately, the accuracy can hardly be assured. Remote sensing technology restricts the accuracy due to cloud coverage, image resolution, and algorithms. The Internet of Things (IoT) has a high cost for deploying abundant sensors and equipment, resulting in complicated data processing. None of the abovementioned methods is feasible for monitoring the corn yield in real-time. Hence, this study aims to develop direct measurement methods deployed in combine harvesters to realize real-time yield monitoring during harvesting. Currently, the direct measurement methods used in combine harvesters are categorized into dynamic weighing, impulsive, volumetric, and ray measurements (Wang et al., 2021). More research has been carried out based on impulsive and volumetric measurement methods. Chen et al. (Chen et al., 2010) designed a double-plate differential impulsive grain flow sensor and demonstrated good measurement accuracy in field trials. Zhou et al. (Zhou et al., 2006) designed a parallel beam impulsive grain mass flow sensor as the core of the yield measurement system. However, the pulse beam of the impulse sensor is relatively narrow, and the sensor installation is complex, which hinders the method’s practical application under complex field and working conditions. Fu et al. (Fu et al., 2017) used a diffuse reflective photoelectric sensor to measure the pulse signal, established a segmented grain yield conversion model, and further outcome a measurement system. Jin et al. (Chengqian et al., 2022) adopted a pair of opposed photoelectric sensors to obtain the data and predict the yield upon the duty cycle and a yield measurement model, reporting a maximum error of 3.83% in field trials. All the above studies provide an essential base for utilizing direct measurement methods while developing a real-time monitoring system for yield prediction in field scenarios.

The following problems still exist in yield measurement with photoelectric sensors: 1) pre-experimentation before each test is necessary for calibration, but performing it in fields can be complex, cumbersome, and lacks maneuverability; 2) prediction with a scraper-geometric formula is inaccurate since the corn stacking pattern during lifting on a scraper can be varied corresponding to multiple factors including feeding volume, driving speed, and slope of elevator and terrain.

In recent years, machine learning, as a core of artificial intelligence (Shaikh et al., 2022), has been increasingly used in field applications (Zhang, 2021), producing from a large amount of data and making decisions to promote the efficiency of agricultural production (Van Klompenburg et al., 2020). Liu et al. (Liu et al., 2019) utilized the random forest algorithm to construct a multivariate combination model for the regression and prediction of winter wheat yield. Zhou et al. (Zhou et al., 2023) studied four machine learning algorithms, multiple linear regression, random forest, adaptive augmentation model, and artificial neural network, to build a model for predicting soybean yield and weighing the influencing factors.

This paper aims to study yield monitoring using machine learning methods. Through EDEM discrete element modeling and simulation, it simulates the corn kernel elevating process under different feed rates and verifies that the accumulation pattern of corn kernels on the scraper is not fixed (Owen and Cleary, 2009). As a novel approach, we first built an indoor testing rig to mimic the corn elevating and measure the corn volume rate in real-time with our developed data acquisition system based on the low pulse-width measuring method. We designed tests for a composite situation and trained yield prediction models using three machine learning algorithms: deep neural network (DNN), gradient boosting machine (GBM), and random forest (RF). Comparative indoor and in-field experiments were then conducted to verify the feasibility and accuracy of the proposed corn yield monitoring system and determine the most appropriate prediction model.




2 Materials and methods



2.1 Mechanism of stacked corn height acquisition

A photoelectric-based yield monitoring system often deploys sensors near the top of a combine’s elevator, as shown in Figure 1A. The system mainly detects the height of the stacked corn on each scraper in the elevator and predicts the yield by a model with its schematic diagram shown in Figure 1B. In a harvester, the auger and elevator jointly operate to convey the corn to the harvester’s tank. The auger horizontally transports the corn while the elevator transports the corn to the tank in an inclined or quasi-vertical direction. The system uses an opposed beam-type photoelectric sensor, whose one end emits an infrared light beam in a certain area while the other outputs a variant signal to inform whether or not an object blocks the beam. The NPN-type sensor outputs a high level when the beam is fully received and a low level when the beam is blocked. The sensor is installed at the top of the elevator because kernels on the internal scraper may fall off during the lifting process during the transfer of corn kernels by the elevator. Installing the sensor at the bottom or middle of the elevator would result in significant errors. A proper sensor position can avoid signal interference and measurement errors caused by corn drops. The mechanism of the corn yield monitoring system in the present paper is as follows: in non-loading conditions, the shading time by a lifting scraper is t0, which denotes the time of the sensor’s low pulse width output.

[image: Diagram showing a harvesting process and schematic. (a) Illustrates a combine harvester with components labeled: combine header, strand feederhouse, variable stream rotor, elevator, and separator. (b) Displays a schematic with a sensor detecting items on a conveyor, showing time intervals (t1, t2, t3) and heights (H) along with high and low voltage signals (V). Arrows indicate conveying direction.]
Figure 1 | Schematic diagram of (A) harvesting process of a combine harvester, and (B) developing a system for monitoring the harvester's working process.

During the harvesting process, the system operates as follows: the time interval between the two adjacent scrapers is T, which refers to two adjacent rising edges of the signal. In the non-loading condition, the idling low pulse width time ratio is P0=t0/T, representing the duty cycle per cycle time. Each scraper’s masking time is t1, which is the observed low pulse width time passing the scraper and stacked corn. Therefore, the masking ratio is P1=t1/T, denoting the scraper and corn’s time ratio over each cycle. Then, the masking time ratio for corn is extracted by Pg=P1-P0, and the stacked corn height is h1=H*Pg, where H is the height between two adjacent scrapers. We also obtain that,

[image: Equation labeled as (1) representing \( h_u = H \left( \frac{t_u}{T} - \frac{t_0}{T} \right) \).]

where, hn is the staking corn height on the nth scraper, and tn is the masking time of the nth scraper.




2.2 Harvest yield monitoring system composition

According to the requirements, the study builds the monitoring system upon a pair of photoelectric sensors, a GNSS positioning module, an antenna, a power supply unit, a data acquisition card, and a triple-proof computer. The photoelectric sensor is the Omron E3FA-RN21, and the data acquisition board is the Beijing Simai Kehua’s USB-1252A with 40 ns for the pulse width measuring time. The GNSS module is Beiyun Technology’s high-precision positioning and directional receiver T1, used for obtaining real-time position information of the corn harvester. The power supply unit reduces the 12V to 5V to power the data acquisition card while powering 12V to other equipment. The system uses a triple-proof computer for operation, real-time yield prediction, and other information displays.

The study adopts LabVIEW for system software, which includes parameter and function settings, graphical displays of corn yield, numerical displays of monitoring parameters, GPS-related parameters, and equipment connection status, as shown in Figure 2A. A parameter setting is required before starting yield monitoring. The parameter setting configures the chain’s cross-sectional area, the scraper’s length, width, and thickness, the space between neighboring scrapers, and the elevator’s gear numbers.

[image: Panel A depicts a user interface of a Combine Harvester Yield Monitoring System with metrics like scraper grain pile height, instantaneous grain flow rate, and cumulative grain weight. It includes GPS status, measurement parameters, and weighing settings. Panel B is a flowchart outlining the system's startup, operation, and termination processes, involving calibration tests, real-time data acquisition, yield prediction models, and system updates based on sensor and GPS inputs.]
Figure 2 | (A) System function interface design diagram and (B) system function flowchart. 1. Maize yield infographic display module. 2. Device connection status display module. 3. Numerical display module for monitoring parameters. 4. GPS related parameter display module. 5. Function setting module.

Afterward, a no-load preprocessing test is required to obtain the combine harvester’s raw scraper shading duty ratio (initial low pulse width time to cycle time ratio) and then input information such as maize weight determination, GPS serial channel, and save path. The function setting configures the corn weight correction factor, GPS serial channel, and directory path. The setting also requires performing a non-loading test to obtain the harvester’s idling low pulse width time ratio. The acquisition board acquires the sensor signals’ high- and low-level variation at a high speed. The board converts signals’ variations into low pulse width and cycle time variables. Then it transmits them to the system to calculate the staking corn height and the masking time for each scraper. The system introduces these parameters and variables into the yield prediction model for outputting the instantaneous corn flow rate and cumulative weight. Lastly, the system saves data, including time, instantaneous yield, cumulative weight, latitude, longitude, and driving speed, in a file following the directory path. Figure 2B shows the whole workflow of the corn harvester’s yield monitoring system.




2.3 EDEM Simulation of corn elevating



2.3.1 Corn kernel and elevator modeling

Due to the high elevator speed of the combine harvester under field operating conditions, it is difficult to capture accurate observations. Additionally, during the lifting process, corn kernels may fall, making it impossible to directly observe the accumulation of corn kernels through effective means. Therefore, EDEM simulation can be used to observe the changes in corn morphology under different feed rates. To realize this, we adopt EDEM software to simulate and analyze the corn stacking behavior on the elevator scraper associated with different feeding amounts. Firstly, a corn kernel model is constructed in EDEM to represent a physical corn. The study repeats measurements several times and takes the average value, having the three dimensions of a corn kernel as 12.8mm in length, 9mm in width, and 5mm in thickness. The study utilizes 15 small spheres to combine and generate the corn model shown in Figure 3A. Next, the elevator is determined to have an equal scale to the actual harvester’s elevator and is built in SolidWorks, as shown in Figure 3B. The elevator’s side wall and chain are made of steel, while the scraper is made of rubber. According to the literature (Wang et al., 2016) corn kernels constantly collide with the elevator’s inner wall, chain, and scraper. Thus, the mechanical properties of corn, scraper, and elevator are carefully determined (Liu et al., 2022; Hongmei et al., 2023), as are the collision parameters. Table 1 demonstrates the properties mentioned above. The collision model used in the simulation is Hertz-Mindlin (no slip), and the friction model is Standard Rolling Friction.

[image: (a) Two images show a corn seed and its corresponding 3D model, which is yellow and segmented like a corn cob. (b) A mechanical arm with a magnified inset detailing a chain and rectangular component.]
Figure 3 | Necessary elements in the EDEM model (A) single corn particle model (B) elevator model.

Table 1 | Individual material and contact parameter settings.


[image: Table showing material properties and friction factors. Corn kernels: Poisson’s ratio 0.4, shear modulus 2.17×10^8 Pa, density 1250 kg/m³. Steel plate: Poisson’s ratio 0.3, shear modulus 7.0×10^8 Pa, density 7800 kg/m³. Rubber: Poisson’s ratio 0.45, shear modulus 0.5×10^8 Pa, density 1300 kg/m³. Corn kernels with corn kernels: recovery coefficient 0.182, static friction 0.420, rolling friction 0.080. Corn kernels with rubber: recovery 0.500, static friction 0.450, rolling friction 0.035. Corn kernels with steel plate: recovery 0.532, static friction 0.482, rolling friction 0.092.]



2.3.2 Lifting configuration and simulation

The model only keeps the elevator and discards the auger to reduce the computational cost and guarantee the smoothness of the simulation. The structure’s transparency is set to 0.3 to visualize the animation. Most harvesters’ elevators tilt between 5° and 15°. Such an angle allows corn to flow over the scraper while avoiding uneven stacking or slippage. In this study, the tilt angle θ is 15°. The elevator’s cross-sectional area is 300mm in length and 150mm in width. A rectangle of the same size is 150mm from the bottom of the elevator. This position is determined where the auger feeds corn into the elevator. The software uses this rectangular area as the corn plant to generate corn kernels, as displayed in Figure 4.

[image: Diagram depicting a translucent container with an internal mechanism and a series of steps or paddles along the left side. A red bar is at the base, suggesting a point of measurement or interaction. Orientation and brand logos are visible, indicating Altair EDEM software.]
Figure 4 | Simplified elevator and bottom built pellet plant plane.

In the harvesting circumstance, the feeding rate or feeding amount varies in terms of corn density and operating parameters. The feeding amount, in turn, dramatically affects the corn stacking pattern on the scraper. The study simulates three conditions regarding low, medium, and high feeding amounts for a comprehensive investigation and analysis. The study utilizes rotary and linear motions for scrapers and chains to lift the corn kernels for the additive motion. The elevator’s rotational speed ranges from 500 to 600r/min, with the linear motion speed being 2.5m/s since the elevator can constantly rotate in a harvester. The elevator model in the simulation is constructed based on the actual elevator of the combine harvester. The corn feed rates required for the simulation under different conditions are calculated by measuring the height between the scrapers in the elevator. After calculation, the initial corn weight of 2 kg, 5 kg, and 8 kg meets the demand to simulate low, medium, and high feed rate scenarios.




2.3.3 Morphological analysis of corn kernel stacking

Figure 5 demonstrates the morphology of corn stacking in terms of different feeding amounts. When the plant imports 2kg of corn kernels, the kernels pile up at the outer end of the scraper while the inner end has less corn. The morphology of stacking corn retains a similar shape while lifting the scraper, indicating a stable stacking process that is not significantly affected by the elevator tilt and gravity. The stable shape of the corn accumulation is observed as a trigonometry. When the plant imports 5kg of corn kernels, the corn stacking on the scraper is centered and piles up at the outer end when the scraper rotates at the bottom of the elevator. However, corn deviates to the inner end during lifting: the elevator tilt and gravity cause the phenomenon. The morphology varies from the light feeding amount, and the final morphology becomes a rectangle. When the plant imports 8kg of corn kernels, the outer end of the scraper is full of corn. When the scraper ascends, the tilt and gravity compress the corn towards the inner end, resulting in higher inner accumulation than the outer. Moreover, the final morphology is a trapezium, and the incline angle tends to parallel the scraper. Based on the analysis, the morphology of corn stacking patterns on the scraper varies via lifting at different feeding amounts. Therefore, it is reasonable that a simple mathematical model only formulated by the scraper geometry will be inaccurate for predicting the yield. Repetitive corrections of such a model are required when the harvester operates at different feeding conditions, which is cumbersome, inconvenient, and lacks maneuverability.

[image: Three side-view illustrations showing the morphology of corn accumulation at different feed rates. (a) Low feed rate with 2 kg initial corn showing dispersed final accumulation. (b) Moderate feed rate with 5 kg initial corn showing moderately compact accumulation. (c) High feed rate with 8 kg initial corn showing dense accumulation. Arrows indicate the accumulation direction and rotation process.]
Figure 5 | Corn accumulation at different feed rates. (A) The side view morphology at low feed rate, (B) at moderate feed rate, and (C) at high feed rate.




2.3.4 Yield prediction model construction

During the field operation of the combine harvester, the scraper in the elevator conveys the grain into the grain tank. During this process, the height information of corn kernels on the elevator scraper is the most crucial data for reflecting the yield of the combine harvester. This information is also the most effectively and conveniently one to be collected by a system, and can well-illustrate the variation of flow rate and instantaneous yield. In this process, the system is well-designed to collect the variable value of the grain pile height inside the elevator, which best reflects the accumulation of kernels on the scraper at each instance. Deep Neural Network (DNN), Gradient Boosting Machine (GBM), and Random Forest (RF) are trained to construct a yield prediction model under the composite condition. Then, the study tests these models’ performances with three working conditions. The coefficient of determination (R2), root mean square error (RMSE), and mean absolute error (MAE) are the model evaluation metrics. R² is chosen to better reflect the goodness of fit of the model, thereby evaluating the overall predictive performance of the system. RMSE and MAE are selected to reflect the average error between the predicted and actual values, allowing for the assessment of the system’s accuracy and precision. The coefficient of determination evaluates the fitting effect of the models, with its value closer to 1 indicating a better model fitting and the overall performance of the system is improved. The root mean square and absolute errors assess the model’s accuracy, whose values closer to 0 indicate more precise predictions and the higher the accuracy and precision of the system.






3 Result and discussion



3.1 Indoor elevating experiment and yield prediction model



3.1.1 Indoor double-elevator testing rig

The experimental bench is designed according to the structure and size of the 4YL-6 (8568) corn harvester’s internal elevator, independently developed by the National Innovation Centre for Agricultural Machinery and Equipment. It mainly consists of six parts: the main elevator, weighing bucket, transfer bin, auxiliary elevator, sieve, and feeding bin, which are capable of completing the functions of maize circulation and real-time weighing. Two DC motors drive the main elevator, auxiliary elevators, and auger. The sensor bracket is used to fix the opposite-type photoelectric sensor on the main elevator, as shown in Figure 6A. The weighing bucket with a maximum capacity of 100 kg is designed to accommodate the corn discharged by the elevator. In order to obtain the accurate weight of the harvested corn in real-time, we adopt a three-point measurement method is used for weighing by adding high-precision spoke weighing sensors, as shown in Figure 6B. The weighing sensor model is Decent DSLF-102, with a 0-100kg range and a measurement accuracy error of less than 0.05%. As illustrated in Figure 6C, the rig installs a frequency converter to control the motor speed, allowing the elevator and auger speed adjustment by varying the frequency of the converter.

[image: Industrial machinery with labeled components, including a sensor bracket (A), a red hopper supported by weighing sensors (B), and a display instrument (C). The machinery features a framework with multiple arms and numbered parts, such as a conveyor belt (3), side panels (4, 5), and an undercarriage (6). The right view shows the machinery in a factory setting, emphasizing the display instrument.]
Figure 6 | Composition diagram of the test stand. 1. Main elevator. 2. Weighing bucket. 3. Transfer bin. 4. Auxiliary elevator. 5. Sieve. 6. Feeding bin. (A) is the sensor bracket installing on the top of elevator, (B) shows weighing sensors, and (C) is the display instrument.




3.1.2 Establishment of yield dataset

The study designs the training dataset under a composite working condition and a verification dataset under three independent working conditions, including low, medium, and high feeding amounts. Jin et al. (Chengqian et al., 2022) studied the grain accumulation patterns at different elevator speeds, however, the investigation of the effect of the accumulation patterns under varying feed rates is not obvious. This study proposes using different auxiliary elevator speeds to generate obvious feed rate changes during actual operations, providing a more comprehensive analysis of corn kernel accumulation patterns inside the elevator. In the experiment, the main elevator’s speed is set at a constant 550 r/min. The low feeding amount signifies the auxiliary elevator’s speed of 150 r/min, 225 r/min for the medium, and 450 r/min for the high. The height and maize bucket’s weight information are synchronously collected. During each test, the system collects the height information of the corn pile on the main elevator’s scraping board. The weighing sensor records the yield weight data correspondingly and transmits the data to the system. The composite working condition integrates low, medium, and high feeding amount conditions. When the feeding amount changes from low to high, the data are continuously collected to build the composite dataset. The verification dataset contains two sorts of data while performing three working conditions, respectively. 3.1.3 Preprocessing of raw data.

A 380V variable-frequency motor drives the experimental bench, which leads to electromagnetic interference on the sensor signals due to the high current and frequent conversion. The system introduces an optocoupler isolation circuit to suppress the noise of the sensor signals. We observe the abnormal sensor data in the indoor experiments and analyze the elevator’s vibration, which causes the kernel to fall from the scraper, some of which blocks the sensors. Moreover, we also observe such abnormal signals in the field experiments due to falling kernels induced by variant travel speeds and the unevenness of the farmland. Therefore, this paper employs a time-domain threshold smoothing interpolation algorithm to preprocess the data collected by the sensors. When the collected raw data arrives at 10, the following data is processed and filtered. The average value of the previous 10 data points is VAn, and the ratio between the following data and the mean data VAn is determined. Considering the signal changes w.r.t. different conditions, we determine the threshold as VMAX =3 VAn and 3VMIN= VAn. During threshold filtering, data exceeding the threshold range are replaced by smoothed interpolation as Vn = VAn, while data within the threshold range are retained.

[image: Equation for \( V_n \) is shown with three conditional cases: \( V_{An} \) when \( V_n \leq V_{MIN} \); \( V_n \) when \( V_{MIN} \leq V_n \leq V_{MAX} \); \( V_{An} \) when \( V_n \geq V_{MAX} \), labeled as equation (2).] 

where, [image: The image contains a mathematical expression with the inequality symbol, representing "n greater than ten."] , and [image: The image displays the mathematical notation "V" with the subscript "x".]  represents the original value of each data processing, [image: Text displaying "V sub MIN" in a mathematical or scientific context, indicating the minimum value of a variable.]  is the minimum value of the threshold range, and [image: The text "V" followed by the subscript "MAX" representing the mathematical notation for maximum velocity or rate in a given context.]  is the maximum value of the threshold range. As observed in Figure 7A, the original signal is severely affected by noise interference, making it difficult for the system to identify the proper signal and collect information normally. On the contrary, Figure 7B shows the signal after preprocessing and observes that the interference effect is greatly reduced. At the same time, the signal-to-noise ratio has enhanced, promising adequate data information.

[image: Two graphs showing low pulse width time in seconds against collected points. Graph (a) has more irregular fluctuations with frequent peaks and drops. Graph (b) displays a smoother variation with a gradual rise and fall. Both graphs range from 0 to 1200 points on the x-axis and 0 to 0.015 seconds on the y-axis.]
Figure 7 | Temporal width of low pulse captured before process (A) and after processing (B).




3.1.3 Model training results and analysis

A total of 724 data sets were collected in the experiment, of which 700 sets are valid. Among these datasets, 400 are for compound situation sets and 100 sets for each of the three feeding levels. The data are divided into training and test sets by a ratio of 4:1. We arrived at a DNN model structure with five hidden layers through multiple training and parameter optimizations. The first layer contained 1,024 neurons; half of the neuron number is used in the subsequent layer. The ReLU activation function is also used to enhance the model’s non-linear representation capability, while Dropout is employed to prevent overfitting. The Adam optimizer, with a learning rate of 0.01, is used. The GBM model is built with 100 weak learners, while the RF model also has 100 decision trees with a maximum depth of 3. The loss function utilizes the mean squared error (MSE) running with 300 epochs. Figure 8 presents the predictive performance of these three yield prediction models derived from the compound dataset. As analyzed, the DNN model achieves the highest R² value of 0.998 for both training and testing sets. It also has stable RMSE and MAE without significant fluctuations. The GBM model exhibits the best fit in the training set; however, the model results in outliers, considerable fluctuations, and lower accuracy with the RMSE higher than 1 for the test set. The RF model performs similarly to the GBM model. Although the predicted results best fit the test set, the results exhibit outliers and considerable variability and lead to a poor RMSE greater than 1 in the training set.

[image: Six scatter plots show predictive vs. actual values for different models and datasets. Each plot includes a linear fit line and a one-to-one line. Metrics such as R-squared, RMSE, and MAE are provided. The models are DNN, GBM, and RF, with datasets labeled as training or test sets. The plots illustrate the accuracy and performance of each model in predicting values.]
Figure 8 | Training and testing of corn yield predictions based on different models with the composite scenario dataset for validating the model effectiveness. (A) Performance of DNN with training set, (B) performance of GBM with training set, (C) performance of RF with training set, (D) performance of DNN with test set, (E) performance of GBM with test set, and (F) performance of RF with test set.

Figure 9 illustrates the performance of each algorithmic model in predicting corn yields under various working conditions, aiming to determine the model proper for various corn stacking patterns comprehensively. The analysis shows that under low feeding conditions (150 r/min), the DNN model achieves the best fit, with the highest R² value of 0.997. The RF model has the worst fit, with the lowest R² of 0.986, while the GBM model’s performance is intermediate. Under medium feeding conditions (225 r/min), both the GBM and RF models show improved fit but with a higher RMSE, indicating increased error. The GBM model has the most volatility, with an R² of 0.931, while the RF model displays signs of overfitting. The DNN model performs well overall, with the highest R² of 0.992 and considerably low RMSE and MAE. Under high feeding conditions (450 r/min), although the GBM model’s fit is relatively good, it contains numerous poor fitting points. The DNN model demonstrates the highest stability, achieving an R² of 0.999, indicating superior predictive accuracy. In contrast, the RF model performs the worst, with a RMSE greater than 1. In summary, the DNN model consistently predicts the yield with the highest R² values under three working conditions, exhibits the most robust fitting capability, and stably produces low RMSE and MAE. Therefore, we propose the DNN-based prediction model to forecast the corn yields.

[image: Nine scatter plots compare predictive values to actual values at three rotational speeds (150, 225, and 450 r/min) using three models: DNN, GBM, and RF. Each plot includes a linear fit line and a 1:1 line, showing the correlation details with equations, R², RMSE, and MAE values. Data points cluster along the linear fit line, indicating model performance.]
Figure 9 | Training and testing of corn yield predictions based on different models under different working conditions for validating the model effectiveness. (A) Performance of DNN at 150 r/min, (B) performance of GBM at 150 r/min, (C) performance of RF at 150 r/min, (D) performance at 225 r/min, (E) performance of GBM at 225 r/min, (F) performance of RF at 225 r/min, (G) performance of DNN at 450 r/min, (H) performance of GBM at 450 r/min, and (I) performance of RF at 450 r/min.





3.2 Field experiments validation



3.2.1 Design of field experiments

Field experiments for monitoring the corn harvester’s yield were performed to validate the developed system and test the prediction models. These tests were taken in mid-November 2023 in Nongqiao Town, Jiamusi City, Heilongjiang Province. The weather during the experiments was sunny, with temperatures ranging from -11°C to -3°C and a moderate southwest wind at Beaufort scale 3. Given that the crop was snow-covered, daytime melting increased the moisture content of the kernels. Such a condition potentially led to drum clogging and impeded harvesting operations. Consequently, the study carried out the tests at night.

The study installed the system and performed the field experiment on a 4YL-8 corn combine harvester designed and fabricated by the Innovation Centre for Agricultural Machinery and Equipment. Table 2 presents the harvester’s geometric and working parameters. Figure 10 demonstrates the installation positions of all the necessary components of the corn yield monitoring system. The thru-beam photoelectric sensor were mounted on a bracket and installed near the top of the harvester’s elevator. The GNSS antenna was mounted on top of the harvester’s side-view mirror. The display terminal, comprising a rugged computer and a controller unit for signal receiving and processing, was placed in the cab for real-time monitoring.

Table 2 | Related parameters of 4YL-8 corn combine harvester.


[image: Table displaying specifications of a machinery item. The type is 4YL-8(8568). Dimensions are 7850 x 3540 x 3950 millimeters. It has 8 working rows with 650 millimeters row spacing and 5420 millimeters working width. Operating speed ranges from 0 to 12 kilometers per hour. The granary has a maximum volume of 7500 liters. Grain is unloaded via high-level horizontal unloading, and it has a four-wheel drive.]
[image: A large agricultural machine, a combine harvester, is equipped with advanced technology. Blue lines point to components: a photoelectric sensor, GNSS antenna, display terminal, and controller unit, illustrating their integration into the machinery.]
Figure 10 | Installation diagram of the system components.




3.2.2 Field experiments results and analysis

Before the field experiment, the harvester’s parameters in Table 2 were set in the yield monitoring system. For the bulk density value in the system, the study collected corn in the field and measured the bulk density, which then replaced the value for the indoor experiment, aiming to eliminate the difference due to corn variety and moisture content, promising a more accurate yield prediction. During the experiment, the system collected the height of the corn pile on scrapers and harvester positions in real-time. The system predicted the instantaneous flow rate and the cumulative yield value accordingly. The actual yield value of the harvester was periodically measured using a platform scale. The study employs and analyzes the relative error between the predicted and the actual yield value by the following equation.

[image: Equation for the error rate, \( E_r \), expressed as the absolute value of the difference between measured value \( M_p \) and true value \( M_t \), divided by \( M_t \), multiplied by one hundred percent. Labeled as equation three.] 

where, [image: The text shows the symbol "E" with a subscript "r".]  is the relative error, [image: Italicized capital letter M with a subscript lowercase letter p.]  is the system’s prediction of corn yield, and [image: Italic script capital "M" followed by a subscript lowercase "r".]  is the actual corn yield.

As presented in Table 3, field data are imported into three models to predict the yield, including DNN, GBM, and RF. The results show that the DNN-based model has a maximum relative error of 2.29% in yield prediction, with an average accuracy of 97.85%. The GBM-based model has a maximum relative error of 3.81%, with an average accuracy of 97.8%. The RF-based model demonstrates the highest maximum relative error at 4.26%, with an average accuracy of 96.45%. Although the average accuracy for the DNN and GBM models is similar, the DNN model exhibits notably better stability. The field experimental results denote that the proposed DNN model can reliably predict corn kernel yield during harvesting operations.

Table 3 | Comparison of yield prediction in field experiments of each model.


[image: Table comparing actual and predicted yield values with relative errors for three models: DNN, GBM, and RF. For DNN, predicted values are 3414.55, 5890.55, and 5193.82, with errors of 2.13%, 2.29%, and 2.04%. For GBM, predicted values are 3355.93, 5979.16, and 5406.43, with errors of 3.81%, 0.82%, and 1.97%. For RF, predicted values are 3576.43, 6263.11, and 5527.84, with errors of 2.51%, 3.89%, and 4.26%. Actual yield values are 3488.86, 6028.60, and 5301.98 kilograms.]





4 Conclusion

This study developed an advanced yield monitoring system for corn harvesters by exploring photoelectric sensing technology and the characteristics of corn accumulation in the elevator. The system achieved real-time monitoring of harvester operation, yield prediction, and data synchronization. EDEM discrete element simulations were used to observe the accumulation and pattern formation of corn kernels as they ascend in the elevator under different feeding conditions. The simulations highlighted significant variations in kernel morphology, indicating the need for a more sophisticated yield prediction model rather than relying on simple geometric formulas. The study developed an indoor test rig and trained three different machine learning models—Deep Neural Network (DNN), Gradient Boosting Machine (GBM), and Random Forest (RF)—using a composite dataset. These models were validated by operating the auxiliary elevator at various speeds (150 r/min, 225 r/min, and 450 r/min) under different feeding conditions. The DNN-based model demonstrated the best overall performance and stability. Field experiments confirmed the proposed system’s high prediction accuracy.





Data availability statement

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author/s.





Author contributions

CY: Writing – original draft, Writing – review & editing. QZ: Writing – original draft, Writing – review & editing. XM: Writing – original draft, Conceptualization, Methodology. DC: Writing – review & editing, Formal Analysis. SH: Writing – review & editing, Data curation, Validation. YL: Writing – review & editing, Data curation, Validation.





Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This work was financially supported by the project of agricultural machinery R&D, manufacturing, promotion, application and the integration (Grant No. 69194014); and the National Natural Science Foundation Project (32201687).





Conflict of interest

Author YL was/were employed by Beidahuang Agricultural Service Group Heilongjiang Agricultural Machinery Service Co.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



References
	 Chen, S., Yang, H., Li, Y., Hu, J., and Zhang, L. (2010). Dual-plates differential impact-based grain flow sensor. Trans. Chin. Soc. Agric. Machine. 41, 171–174. doi: 10.3969/j.issn.1000-1298.2010.08.035
	 Chengqian, J. I. N., Zeyu, C. A. I., Tengxiang, Y. A. N. G., Zheng, L. I. U., Xiang, Y. I. N., and Feipen, D. A. (2022). Design and experiment of yield monitoring system of grain combine harvester. Trans. Chin. Soc. Agric. Machine. 53, 125–135. doi: 10.6041/j.issn.1000-1298.2022.05.013
	 Fu, X., Zhang, Z., An, X., Zhao, C., Li, C., and Yu, J. (2017). Development and performance experiment on grain yield monitoring system of combine harvester based on photoelectric diffuse reflectance. Trans. Chin. Soc. Agric. Eng. (Transactions CSAE) 33, 24–30. doi: 10.11975/j.issn.1002-6819.2017.03.004
	 Hongmei,, Zhang, C., Li, Z., Ding, L., Zhu, C., and Zhang, J. (2023). Simulation analysis and optimization of vibration characteristics of corn finger clip seeding device based on EDEM-recurDyn coupling. Trans. Chin. Soc. Agric. Machine. 54, 36–46. doi: 10.6041/j.issn.1000-1298.2023.S1.005
	 Liu, J., He, X., Wang, P., and Huang, J. (2019). Early prediction of winter wheat yield with long time series meteorological data and random forest method. Trans. Chin. Soc. Agric. Eng. 35, 158–166. doi: 10.11975/j.issn.1002-6819.2019.06.019
	 Liu, L., Du, Y., Li, X., Liu, L., Zhang, Y., and Yang, F. (2022). Analysis and experiment on kernel loss of seed corn during peeling based on DEM. Trans. Chin. Soc. Agric. Machine. 53, 28–38. doi: 10.6041/j.issn.1000-1298.2022.S2.004
	 Mistry, P., and Bora, G. (2019). Development of yield forecast model using multiple regression analysis and impact of climatic parameters on spring wheat. Int. J. Agric. Biol. Eng. 12, 110–115. doi: 10.25165/j.ijabe.20191204.4477
	 Omasa, K., Ono, E., Ishigami, Y., Shimizu, Y., and Araki, Y. (2022). Plant functional remote sensing and smart farming applications. Int. J. Agric. Biol. Eng. 15, 1–6. doi: 10.25165/j.ijabe.20221504.7375
	 Owen, P. J., and Cleary, P. W. (2009). Prediction of screw conveyor performance using the Discrete Element Method (DEM). POWDER Technol. 193, 274–288. doi: 10.1016/j.powtec.2009.03.012
	 Reinke, R., Dankowicz, H., Phelan, J., and Kang, W. (2011). A dynamic grain flow model for a mass flow yield sensor on a combine. Precis. Agric. 12, 732–749. doi: 10.1007/s11119-010-9215-0
	 Shaikh, T. A., Rasool, T., and Lone, F. R. (2022). Towards leveraging the role of machine learning and artificial intelligence in precision agriculture and smart farming. Comput. AND Electron. IN Agric. 198, 107119. doi: 10.1016/j.compag.2022.107119
	 Van Klompenburg, T., Kassahun, A., and Catal, C. (2020). Crop yield prediction using machine learning: A systematic literature review. Comput. AND Electron. IN Agric. 177, 105709. doi: 10.1016/j.compag.2020.105709
	 Veal, M. W., Shearer, S. A., and Fulton, J. P. (2010). DEVELOPMENT AND PERFORMANCE ASSESSMENT OF A GRAIN COMBINE FEEDER HOUSE-BASED MASS FLOW SENSING DEVICE. Trans. OF THE ASABE 53, 339–348. doi: 10.13031/2013.29564
	 Wang, M. (1999). Development of precision agriculture and innovation of engineering technologies. Trans. Chin. Soc. Agric. Eng. (Transactions CSAE) 15, 1–8.
	 Wang, S., Yu, Z., Zhang, W., Yang, L., Zhang, Z., and Aorigele, (2021). Review of recent advances in online yield monitoring for grain combine harvester. Trans. Chin. Soc. Agric. Eng. (Transactions CSAE) 37, 58–70. doi: 10.11975/j.issn.1002-6819.2021.17.007
	 Wang, Y., Liang, Z., Zhang, D., Cui, T., Shi, S., Li, K., et al. (2016). Calibration method of contact characteristic parameters for corn seeds based on EDEM. Trans. Chin. Soc. Agric. Eng. (Transactions CSAE) 32, 36–42. doi: 10.11975/j.issn.1002-6819.2016.22.005
	 Yin, B. Z., Liu, P., Cui, Y. W., Hu, Z. H., Li, X. L., Pan, Z. H., et al. (2022). Soil physical properties, nutrients, and crop yield with two-year tillage rotations under a winter wheat-summer maize double cropping system. Int. J. Agric. Biol. Eng. 15, 172–181. doi: 10.25165/j.ijabe.20221501.6855
	 Zhang, M. (2003). Research on the collection, processing and system integration technology of spatial distribution information of cereal yield in farmland. Beijing,China: China Agricultural University.
	 Zhang, X. (2021). A review of crop yield prediction based on machine learning. Anhui Agric. Sci. Bull. 27, 117–119, 134. doi: 10.16377/j.cnki.issn1007-7731.2021.03.048
	 Zhao, C., Xue, X., Wang, X., Chen, L., Pan, Y., and Meng, Z. (2003). Advance and prospects of precision agriculture technology system. Trans. Chin. Soc. Agric. Eng. (Transactions CSAE) 19, 7–12.
	 Zhou, J., Miao, Y., Zhang, F., and Liu, C. (2006). Field testing of parallel beam impact-based yield monitor. Trans. OF THE Chin. Soc. FOR Agric. MACHINE. 37, 102–105.
	 Zhou, X., Qin, N., Wang, K., Sun, H., Wang, D., and Qiao, J. (2023). Effect of mechanical compaction on soybean yield based on machine learning. Trans. Chin. Soc. Agric. Machine. 54, 139–147. doi: 10.6041/j.issn.1000-1298.2023.11.013
	 Zhu, N. Y., Liu, X., Liu, Z. Q., Hu, K., Wang, Y. K., Tan, J. L., et al. (2018). Deep learning for smart agriculture: Concepts, tools, applications, and opportunities. Int. J. Agric. Biol. Eng. 11, 32–44. doi: 10.25165/j.ijabe.20181104.4475




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2024 Yin, Zhang, Mao, Chen, Huang and Li. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 30 September 2024

doi: 10.3389/fpls.2024.1469685

[image: image2]



Fruit and vegetable leaf disease recognition based on a novel custom convolutional neural network and shallow classifier



Syeda Aimal Fatima Naqvi 1, Muhammad Attique Khan 2*, Ameer Hamza 1, Shrooq Alsenan 3, Meshal Alharbi 4, Sokea Teng 5 and Yunyoung Nam 5*


1 Department of Computer Science, HITEC University, Taxila, Pakistan, 2 Department of Artificial Intelligence, College of Computer Engineering and Science, Prince Mohammad Bin Fahd University, Al Khobar, Saudi Arabia, 3 Information Systems Department, College of Computer and Information Sciences, Princess Nourah bint Abdulrahman University, Riyadh, Saudi Arabia, 4 Department of Computer Science, College of Computer Engineering and Sciences, Prince Sattam Bin Abdulaziz University, Alkharj, Saudi Arabia, 5 Department of ICT Convergence, Soonchunhyang University, Asan, Republic of Korea




Edited by: 

Muhammad Fazal Ijaz, Melbourne Institute of Technology, Australia

Reviewed by: 

Mohamadsadegh Khosravani, University of Regina, Canada


Alireza Sharifi, Shahid Rajaee Teacher Training University, Iran

Usama Khalid, Hanyang University, Republic of Korea

*Correspondence: 

Yunyoung Nam
 ynam@sch.ac.kr 

Muhammad Attique Khan
 attique.khan@ieee.org



Received: 24 July 2024

Accepted: 04 September 2024

Published: 30 September 2024


Citation:
Naqvi SAF, Khan MA, Hamza A, Alsenan S, Alharbi M, Teng S and Nam Y (2024) Fruit and vegetable leaf disease recognition based on a novel custom convolutional neural network and shallow classifier
. Front. Plant Sci. 15:1469685. doi: 10.3389/fpls.2024.1469685




Fruits and vegetables are among the most nutrient-dense cash crops worldwide. Diagnosing diseases in fruits and vegetables is a key challenge in maintaining agricultural products. Due to the similarity in disease colour, texture, and shape, it is difficult to recognize manually. Also, this process is time-consuming and requires an expert person. We proposed a novel deep learning and optimization framework for apple and cucumber leaf disease classification to consider the above challenges. In the proposed framework, a hybrid contrast enhancement technique is proposed based on the Bi-LSTM and Haze reduction to highlight the diseased part in the image. After that, two custom models named Bottleneck Residual with Self-Attention (BRwSA) and Inverted Bottleneck Residual with Self-Attention (IBRwSA) are proposed and trained on the selected datasets. After the training, testing images are employed, and deep features are extracted from the self-attention layer. Deep extracted features are fused using a concatenation approach that is further optimized in the next step using an improved human learning optimization algorithm. The purpose of this algorithm was to improve the classification accuracy and reduce the testing time. The selected features are finally classified using a shallow wide neural network (SWNN) classifier. In addition to that, both trained models are interpreted using an explainable AI technique such as LIME. Based on this approach, it is easy to interpret the inside strength of both models for apple and cucumber leaf disease classification and identification. A detailed experimental process was conducted on both datasets, Apple and Cucumber. On both datasets, the proposed framework obtained an accuracy of 94.8% and 94.9%, respectively. A comparison was also conducted using a few state-of-the-art techniques, and the proposed framework showed improved performance.





Keywords: cucumber crop, apple fruit, deep learning, information fusion, optimization, explainable deep learning, shallow classifier




1 Introduction

Identifying plant diseases has been a major problem in the agricultural sector in recent years (Tekkeşin, 2019). It is critical to accurately diagnose and recognize the disease at early stages (Rumpf et al., 2010; Gavhale and Gawande, 2014). Unnecessary substantial economic losses can be avoided due to the early detection of diseases in agricultural production (Savary et al., 2019). The quantity and quality of agricultural products are greatly affected by diseased crops, which destroy the natural condition of the crop by altering and stopping critical activities, including transpiration, germination, pollination, fertilization, and photosynthesis (Wang X. et al., 2015). Moreover, plant disease symptoms typically manifest as visual abnormalities on leaves at a certain development stage. Therefore, using machine learning algorithms to evaluate plant and crop leaf images makes it feasible to identify leaf illnesses automatically (Ngugi et al., 2021; Haridasan et al., 2023; Ngongoma et al., 2023).


The manual diagnosis of leaf disease is a difficult and hectic process (Ngugi et al., 2021). In addition, an expert is required, which is not an easy task (Haridasan et al., 2023). Therefore, agriculture’s computerized technique is widely needed to diagnose and classify diseases in leaf images at the early stages Early diagnosis not only improves food quality but also increases food quantity, which can benefit the national economy (Ngongoma et al., 2023). The proficiency to identify plant disease at an early stage allows us to diagnose and eradicate infectious diseases in plants before apparent symptoms arise, reducing the massive economic losses that would otherwise occur and leading the ton of food to be safeguarded from the impending outbreak (Sharon et al., 2010). The traditional computerized techniques are usually based on machine learning models such as support vector machine (SVM) (Bonkra et al., 2024) and decision trees (DT) (Sajitha et al., 2024). These models accept input as a feature vector extracted through a handcrafted approach, such as shape, color, and texture (Al-Hiary et al., 2011; Gulhane and Gurjar, 2011; Patil and Kumar, 2011). In several works, feature selection techniques are introduced to select the best features for the classification and reduce the computational time. However, it isn’t easy when a large dimensional vector is passed as an input (Amiriebrahimabadi et al., 2024). There are a few well-known feature selection techniques, such as principle component analysis (PCA), Genetic Algorithm (GA) (Khan et al., 2019), particle swarm optimization (PSO), and a few more (Jain and Dharavath, 2023; Jena et al., 2024; Vijay and Pushpalatha, 2024).


The more recent development in artificial intelligence is deep learning (DL), employed for disease detection and classification (Nawaz et al., 2024). Convolutional neural network (CNN) is a specialized type of deep learning (DL) that is utilized to extract the features of an object or image from several hidden layers (Joseph et al., 2024). Recently, many techniques have been introduced for detecting and classifying plant diseases based on transfer learning (TL) and custom CNN. Several pre-trained models were opted for in the TL phase, and deep features were extracted (Ritharson et al., 2024). In a few techniques, models are trained from scratch due to the complex nature of selected datasets (Jha et al., 2024). A few well-known pre-trained models that are used in the literature for plant diseases are AlexNet (Krizhevsky et al., 2017), VGG16 and Vgg19 (Simonyan and Zisserman, 2014), ResNet (He et al., 2016), and EfficientNet (Tan and Le, 2019). These models work better for the balanced and easy nature of plant datasets; however, for complex, imbalanced, and small datasets, these pre-trained models do not perform well (Ganatra and Patel, 2021). Therefore, a custom model can be designed based on the literature review knowledge and the number of learnable. There are a few recent works that used deep learning architectures for the effective classification of plant diseases (Saleem et al., 2019; Duong et al., 2020).

Several deep-learning techniques have been introduced in the literature to classify plant diseases (Pradhan et al., 2024; Xu and Zhang, 2024). Recent works have been based on pre-trained networks and the fusion of different networks (Ma et al., 2018). Fang et al (2024). presented a lightweight bilinear CNN architecture for apple leaf disease detection and classification. The focus was on the small infected regions of the apple leaf images. For this purpose, the presented CNN architecture consists of two subnetworks. They used the bilinear concat function for feature extraction, which was further employed for classification through classification techniques. The presented method obtained improved accuracy than the unimproved LeNet-5. Haiping et al (Si et al., 2024). presented a dual-brach model for apple leaf disease classification. The presented model integrates two separate networks, CNN and Swin Transformer. The purpose of CNN in this work is to extract the local information, whereas the global information is computed through the Swin Transformer. In addition, the information of these models is fused using a fusion module based on the residual, sqeeze, and excitation mechanisms. The experimental process of the presented model is performed on publically available dataset and obtianed recall rate of 97.33% that is improved than the recent methods. Wang et al (Wang et al., 2021). proposed a two-stage recognition model for cucumber leaf diseases. The proposed model was based on U-Net and DeepLabV3+ that later passed to the severity recognition module. The presented method obtaiend the classification accuracy of 92.85% that is improved than the recent works. There are several more recent works that performed classification of plant diseases using deep learning techniques. Saleem et al (Saleem et al., 2020). presented a plant leaf disease detection and classification framework based on TensorFlow and custom deep learning architecture. The presented model is tested on real-time acquired data and obtained an accuracy of 73.07%. Chowdhury et al (2021). described an EfficientNet architecture based on the better performance. They considered EfficientNet-B7 for the classification and obtained an accuracy of 99.89%. Ahmed et al (Ahmed and Reddy, 2021). presented a CNN architecture for diagnosing plant diseases and obtained an accuracy of 94%. Harakannanavar et al (2022). employed machine learning and image processing to identify leaf diseases in tomato plants, achieving high accuracy rates of 88% for SVM, 97% for K-NN, and 99.6% for CNN on disease samples. Jadhav et al (2021). presented a framework for soybean disease identification methods using pre-trained models such as AlexNet and GoogleNet. On these models, they achieved an accuracy rate of 98.75 and 96.25%, respectively. Abbas et al (2021). employed a pre-trained DenseNet121 deep-learning architecture to detect tomato diseases and obtained an average accuracy of 97.11% on the Plant Village dataset. Several Deep-learning techniques have been used to classify plant diseases, with recent works focusing on pre-trained networks and the fusion of different networks. Recent works have improved accuracy rates but all these methods are based on fine-tuning the previously trained models, modifying them, or fusing them to make improvements in the results while they do improve the results they have a major limitation of high parameters and increased computation time.



Problem Statement: In this work, we considered the following major challenges that impact the performance of the proposed method for Apple and Cucumber leaf disease recognition. The major challenges are as follows: i) low contrast disease symptoms are not accurately considered in the deep learning models for the features extraction that, in return, classify as healthy regions; ii) pre-trained models have a large number of parameters such as VGG16 and VGG19 models total learnable is above 140 million; hence, models that have higher number of learnable consumed more time in training and reduced the correct precision rate; iii) fusion of features from the impact of the different sources on the classification accuracy (false positive rate) due to redundant and irrelevant information. Hence, proposing an efficient solution that consumes minimum resources and returns improved accuracy and precision rate is important. Our major contributions to this work are as follows:


▪ We proposed a novel Custom CNN architecture with a shallow neural network and explainable AI (XAI) for the classification of Cucumber (powdery mildew, anthracnose, blight, downy mild, and angular leaf spot) and apple leaf diseases (Apple Scab, Apple Cedar Rust, Black Rot and healthy). 
Figure 1
 shows the disease images.


[image: Four images of leaves with varying conditions. The top row shows the apple dataset with two diseased and two healthy apple leaves. The bottom row shows the cucumber dataset with two diseased and two healthy cucumber leaves, displaying different patterns of discoloration and damage.]
Figure 1 | 
Sample images of selected datasets.


▪ A hybrid disease contrast enhancement technique is proposed based on the Bi-LSTM and Haze reduction for the better feature learning.


▪ We proposed two custom models named lightweight Bottleneck Residual with Self-Attention (BRwSA) and Inverted Bottleneck Residual with Self-Attention (IBRwSA) in order to increase the precision rate.


▪ Features are extracted from the self-attention layer and fused using a concatenation formula later optimized using an improved human learning optimization algorithm.






2 Proposed methodology

The proposed methodology of the presented work is discussed in this section with detailed mathematical formulation, theoretical aspects, and visual graphs. A hybrid disease contrast enhancement technique is proposed based on the Bi-LSTM and Haze reduction techniques at the initial stage. After that, we proposed two custom models named Bottleneck Residual with Self-Attention (BRwSA) and Inverted Bottleneck Residual with Self-Attention (IBRwSA) to extract deep learning features. Deep features are extracted from the self-attention layer from both models and fused using a concatenation approach. The concatenation vector is optimized in the next step using an improved human learning optimization algorithm that is finally classified using a shallow wide neural network (SWNN) classifier. In addition to that, both trained models are interpreted using an explainable AI technique such as LIME. Based on this approach, it is easy to interpret the inside strength of both models for apple and cucumber leaf disease classification and identification. 
Figure 2
 shows the detailed architecture of proposed apple and cucumber leaf disease recognition.


[image: Flowchart of a plant disease detection model. The process starts with a database of apple and cucumber leaf samples, undergoes contrast enhancement and augmentation, and proceeds through two proposed architectures, BRwSA and IBRwSA, for feature extraction. It includes Explainable AI for trained model bottlenecks. Test samples are used for feature selection with human learning optimization. The final stage is a neural network predicting five plant disease classes, including angular leaf spot and anthracnose.]
Figure 2 | 
Proposed architecture of apple and cucumber leaf disease recognition.





2.1 Datasets

In this work, we utilized two datasets for the classification of apple and cucumber leaf disease recognition. For apple leaf disease recognition, we utilized the Plant Village dataset (Mohameth et al., 2020); however, for cucumber disease, a private dataset has been employed (Zhang et al., 2017). We only included apple leaf classes from the 39 fruits and vegetables in the Plant Village dataset. The nature of each image of this dataset is RGB, and the total number of images (apple disease) is 3,171. Four classes were included in this dataset: Apple Scab, Apple Cedar Rust, Black Rot, and Healthy (sample images can be seen in 
Figure 1
).


There are 407 total images in the Cucumber collection, all of which have RGB nature. This dataset has five classes: powdery mildew, anthracnose, blight, downy mild, and angular leaf spot (sample images can be seen in 
Figure 1
). A summary of images in each class is presented in 
Table 1
. This table shows that the images are not enough for training purposes; therefore, a data augmentation process is essential.


Table 1 | 
Summary of datasets employed for the validation of the proposed architecture.


[image: Table showing image data before and after augmentation for Apple and Cucumber datasets. Apple dataset has 1,645 healthy images, 275 with Cedar Rust, 621 with Black Rot, 630 with Scab; all augmented to 1,000 each. Cucumber dataset includes 64 Angular Leaf Spot, 93 Anthracnose, 66 Blight, 97 Downy Mildew, and 87 Powdery Mildew; all augmented to 1,000 each.]




2.2 Contrast enhancement and datasets augmentation





2.2.1 Enhancement

Enhancing the quality of original images by adjusting the intensity value, adding missing information, and rearranging the data more effectively and organized is known as enhancement. The primary advantage of enhancing datasets is increased accuracy. In the case of images, our major aim is to increase the contrast of the disease region and make it visually more apparent. In this work, we proposed a hybrid contrast enhancement technique based on the haze reduction and Bi-histogram equalization techniques. A noise is included and removed in the selected datasets through the haze reduction technique, whereas Bi-Histogram Equalization improves the contrast. Mathematically, this process is defined as follows:


The following mathematical equation can represent the hazed image:


[image: It seems you tried to upload an image, but it did not come through. Please try uploading the image again or provide a description or URL, and I'll be happy to help with the alt text!]

Where the observed intensity is [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] , the scene of radiance is denoted with [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.] , atmospheric light is defined by [image: It seems there was an issue with the image not being uploaded correctly. Please try uploading the image again or provide a URL if it's hosted online.] , and a transmission map [image: A black lowercase letter "t" in a serif font on a plain white background.]  describes the portion of light that reaches the camera. Hence, to recover the scene of radiance [image: Please upload the image or provide a URL so I can generate the alternate text for you.]  from an estimation of transmission map and atmospheric light, the dazed algorithm is used, which is defined as follows:


[image: Mathematical equation displaying \( J(X) = \frac{{(I(X) - a)}}{{\max(T(X), T0)}} + a \) labeled as equation (2).]

This technique followed the five steps that started from atmospheric light L using a dark channel before restoring the image and performing optional contrast enhancement. The a denotes an static parameter that value is 0.2. More information on this method can be read from this work (Park et al., 2014). The output image of this method is passed to Bi-Histogram Equalization (BiHE) to further increase the contrast of the infected regions. The BiHE method is based on five steps such as i) Gaussian filter smoothing of the histogram; ii) Using this smoothed histogram to find local maximums; iii) Designate and map each component to a sophisticated dynamic range; iv) Equalize each histogram independently, and v) Normalization of image brightness. More details on the mathematical form of this method can be seen here (Tang and Isa, 2017). A few sample images after the hybrid contrast enhancement technique are shown in 
Figure 3
. In this figure, it is observed that the results enhanced images are clearer than the original images. The resultant enhanced images are later employed for the augmentation process. Like the traditional geometric transformation methods in recent studies, we consider the auto-encoder for generating new images (Kingma and Welling, 2013).


[image: Four pairs of images show leaves. The top row contains the original images, while the bottom row displays enhanced versions. Each leaf exhibits various patterns and discoloration in both sets. The enhancements emphasize colors and patterns for better visibility.]
Figure 3 | 
Sample contrast-enhanced images using a hybrid approach.


Using this technique, we generated 1000 images of each class. In the generation of images, each image is passed minimum 2 times and few of the images iterated in 3 times. A summary of generated images is presented in 
Table 1.







2.3 Proposed bottleneck residual self-attention CNN

Two new deep-learning architectures have been designed in this work for the deep feature extraction of apple and cucumber leaf disease recognition. The pre-trained deep learning models gained a lot of knowledge but did not return enough accuracy (Aggarwal et al., 2023). Therefore, we designed two architectures: Bottleneck Residual with Self-Attention (BRwSA) and Inverted Bottleneck Residual with Self-Attention (IBRwSA).


BRwSA model consists of a bottleneck residual mechanism whose main objective is to reduce the dimensionality of the feature map while preserving important data, perhaps leading to more efficient and less computationally expensive models. A bottleneck block is a specific type of neural network building block. Each residual function is represented by a stack of three levels- 1×1, 3×3, and 1×1 convolutions. Dimensions are decreased and subsequently increased (restored) by the 1×1 layer. This layer is like a little filter, only examining a small amount of the input data. It makes use of tiny filters with a 1×1 pixel size. The 3×3 convolutional layer uses the larger 3×3 filters to identify complex patterns and features in the data. It operates using the fewer channels produced by the previous 1×1 filter. The third 1×1 convolutional layer performs a second round of 1×1 convolution following the 3×3 convolution. This extra step contributes to the data representation by increasing its feature count, making it more appealing and richer. 
Figure 4
 illustrates the proposed BRwSA architecture. This figure shows that four blocks are added, and in each block, several layers are added in a parallel fashion using a bottleneck sequence.


[image: Flowchart of a neural network architecture with multiple connected layers. The components include self-attention, convolutional, ReLU, batch normalization, addition, max pooling, global average pooling, flatten, fully connected, input, and softmax layers. Each layer is distinguished by color, and arrows indicate the data flow through the network.]
Figure 4 | 
Proposed Bottleneck Residual with Self-Attention (BRwSA) architecture.





2.3.1 Block 1

The first block in this figure consists of five paths, and each path follows the sequence of several layers, such as convolutional, ReLu, batch normalization, max pooling, and addition layer. In addition, a skip connection is also added to overcome the problem of overfitting. The input layer of this model accepts images of dimensions 224×224×3, followed by a convolutional layer of depth size 32, stride of 2×2, filter size of 3×3, and ReLU activation layer.


Subsequently, five bottleneck blocks—consisting of a 32-depth convolutional layer, a 1-by-1 filter with a stride of one, an activation layer for ReLU, and a batch normalization layer—are added in parallel. After that, the 128-depth convolutional layer with a 3×3 filter size, an activation layer of ReLU, and a batch normalization layer comprise the bottleneck structure’s second section. In the last part, a convolutional layer with a depth size of 32 and a filter size of 1×1 has been added. The additional layer is added to connect these parallel blocks with another set of layers. Then, a convolutional layer was added with a ReLU activation layer with a depth size of 64, filter size of 3×3 and stride 2.





2.3.2 Block 2

After that, five parallel residual blocks have been added following the bottleneck pattern. In the first block, a convolutional layer was inserted with a depth size of 128, filter size of 1×1, and stride value of 1, followed by a ReLU activation layer. Then, a batch normalization layer was added. Again, a convolutional layer with a depth size of 256, filter size of 3×3, and stride of 1 with ReLU activation has been added. After this, another batch normalization layer was added to the architecture. Next comes the attachment of the last part of the block, which comprises a 64-depth convolution layer with a 1×1 filter size and one stride. These five bottleneck blocks are concatenated together using an addition layer and a skip connection. After this block, a convolutional layer of depth size 128, stride value of two.






2.3.3 Block 3

The subsequent residual block follows the same structure as the preceding block, which had five bottleneck paths added in parallel, each consisting of 256, 512, and 128 as depth for the convolution layer in the bottleneck structure. The filter size of each block is 1×1, 3×3, and 1×1, respectively. An addition layer concatenates all five blocks of the bottleneck. Later, a convolution layer of 256 depth size, 3×3 filter size, and 2×2 stride with a ReLU activation layer is inserted.






2.3.4 Block 4

In the fourth block, three bottleneck residual paths have been included along with a skip connection. Each bottleneck block has a 512-depth convolution layer with a filter size of 1×1, a stride of 1×1, a ReLU activation layer, and a batch normalization layer. The same depth is opted for the second convolutional layer; however, the filter size of 3×3 has been opted. The last convolutional layer has a 256-depth size, 1×1 filter size, and one stride. Finally, these three bottleneck blocks and a skip connection are concatenated to each other using an addition layer.






2.3.5 Block 4

A convolutional layer has been added after the fourth block. The depth size of this layer is 512, with a filter size of 3×3 and stride 2. A ReLu activation layer has been added to each convolutional layer. After that, a max-pooling layer of filter size 3×3 and stride two is included. Subsequently, a convolutional layer of depth size 1024 is added, and the filter and stride values are the same as the previous convolutional layer. A global average pool layer is added after the convolutional layer to control the number of parameters and weights, followed by a flattened layer. The output channel of the flattened layer is passed to the self-attention layer. This layer extracts more informative and in-depth information about the disease leaf region. Finally, a fully connected softmax and classification output layers have been added that complete this network. 
Figure 5
 illustrates the proposed layers’ weights and activation. There are 149 layers overall and 23.6 M training parameters in total.


[image: A detailed table listing various operations in a neural network architecture. Columns include serial number, name, and activation dimensions, with operations such as convolution, batch normalization, ReLU, addition, and average pooling. The table covers multiple layers and operations, including input images, convolutional layers, and fully connected layers, presented in a structured grid format.]
Figure 5 | 
Tabular architecture of proposed Bottleneck Residual with Self-Attention (BRwSA).







2.4 Proposed inverted bottleneck residual with self-attention CNN

The proposed Inverted Bottleneck Residual with Self-Attention (IBRwSA) architecture is based on inverted bottleneck blocks, in which the channels are expanded first and then squeezed. The inverted bottleneck block with depthwise separable convolution is more efficient than the original. Moreover, the grouped convolutions allow us to build wider networks by replicating the modular blocks of filter groups. Hence, by using this structure, we can increase the network capacity without compromising computation efficiency. In the inverted bottleneck, we follow the filter size in the sequence: 1×1, 3×3 for 2-D grouped convolution layer, and 1×1. For channel-wise separable convolution, the grouped convolutional layer is employed. The final 1×1 layer increases the feature count, which makes it more enticing and richer.





2.4.1 Block 1



Figure 6
 illustrates the proposed IBRwSA architecture. This figure includes four parallel residual blocks that follow the mechanism of the inverted bottleneck. In each block, a skip connection is also included that is concatenated at an additional layer with other paths. An input size of 227×227 with a depth size of 3 is considered in the first layer. After that, a convolutional layer has been added of depth size 32, filter size 3×3 and stride 2. The ReLu activation layer is included after each convolutional layer in the entire network.


[image: Diagram of a neural network architecture with multiple layers. Elements include input, convolutional, ReLU, grouped convolution, batch normalization, addition, global average pool, flatten, self attention, fully connected, and softmax. Layers are connected with arrows, showing data flow through the network.]
Figure 6 | 
Proposed Inverted Bottleneck Residual with Self-Attention (IBRwSA) architecture.


The first parallel residual inverted bottleneck block consists of five paths and one skip connection. In each path, seven layers have been included, such as two convolutional, two ReLu, 2 batch normalizations, and one group convolutional. The first convolutional layer depth size is 64, whereas the filter size is 1×1, and stride 1. This layer follows the ReLU activation and batch normalization layers, respectively. After that, a 2-D grouped convolution layer was added using a channel-wise approach. The filter size of this layer is 3×3 and stride 1. The ReLu activation is added, followed by a batch normalization layer. Another convolutional layer has been inserted with a depth size of 32 and a filter size of 1×1. The remaining paths in this block are considered the same pattern, including depth size, filter size, and stride value. Finally, all paths of this block are added into an additional layer with a skip connection.






2.4.2 Block 2

In this block, a convolutional layer is added before the start of the parallel paths. The depth size of the convolutional layer is 64, with a filter size of 3×3 and stride 2. A ReLu activation layer is included after the convolutional layer. After that, a new block is added that includes five parallel paths, and a sequence of layers is added in each path. The first convolutional layer of this block has a depth value of 128, a filter size of 1×1, and a stride one. After this, the ReLU activation and batch normalization layers are added, which is further followed by a grouped convolutional layer in channel-wise 3×3 and stride 1. The ReLU activation and batch normalization layers are added after the grouped convolutional layer. Finally, the last convolutional layer is added 64-depth, with a filter size 1×1 and a single stride. These five paths and one skip connection are connected in an additional layer. Subsequently, a convolutional layer is added with a depth of 128, stride value of 2×2, and filter size of 3, followed by a ReLU activation layer.






2.4.3 Block 3

The third block follows the same pattern as the previous block, containing five inverted bottleneck blocks appended in parallel, each consisting of Convolution 1×1 with a depth of 256, 2-D Grouped convolution with channel 3×3, and Convolution 1×1 with a depth of 128. All five parallel paths are connected with a skip connection in the addition layer. Later, a convolution layer is added consisting of 256 depth size, 3×3 filter size, and stride 2. A ReLU activation layer is also included after this layer.






2.4.4 Block 3

This block follows a similar pattern, like several layers, except for depth size. Five inverted bottleneck paths are included, where each path consists of a convolutional layer of depth value 512, filter size 1×1, and single stride. The grouped convolutional layer with channel-wise added filter size is 3×3, which finally ended with another convolutional layer of depth size 256. These five inverted bottleneck paths and a skip connection are concatenated using an addition layer.


Subsequently, a 512-depth convolution layer with 3×3 filter size and stride two is incorporated, followed by a ReLU activation layer and batch normalization layer. The global average pool layer is added, followed by flattened, self-attention, fully connected, and Softmax layers. The proposed model is also presented in the tabular form in 
Figure 7
. This network consists of 161 layers and the 3.9M total learnable.


[image: A detailed table displays the structure of a neural network, listing layers sequentially with corresponding activations. Columns include serial number, layer names (such as convolution, batch normalization, ReLU, grouped convolution), activation sizes, strides, and padding types. The network processes input images of size 227x227x3 through these layers, progressively reducing dimensions and extracting features, culminating in fully connected layers and a softmax output.]
Figure 7 | 
Detail description four-block inverted bottleneck layered model.







2.5 Models training

The training process of the proposed model is presented in this subsection. In the training process, a 60:10:30 strategy was conducted, which means 60% of the images of the selected datasets were employed for the training, 10% of data were used for the validation during the learning process and the remaining images were utilized for testing the proposed models. Several hyperparameters have been employed in the training, such as learning rate, momentum, optimizer, mini-batch size, and regularization factor. These values are initialized using a human learning optimization algorithm (algorithm explained in the testing section). The best-selected value of the initial learning rate of 0.0002, the momentum of 0.702, the mini-batch size value of 64, stochastic gradient descent used as an optimizer, and 100 epochs. After that, the trained models are employed in the feature extraction and classification testing phase.






2.6 Proposed framework testing

In the testing phase of the proposed framework, the following steps are considered: i) employing a trained model and extracting deep features from the testing data; ii) testing features are passed to the fusion function for features concatenation; iii) features are selected using improved human learning algorithm, and iv) selected features are classified using machine learning algorithms. As shown in 
Figure 2
, the testing process is based on the steps mentioned above. In the first step, features are extracted from the trained models (Cucumber and Apple datasets separately) and fused using a concatenation approach. The self-attention layer is employed for the feature extraction for both models and obtained a feature vector of N × 1024 and N × 512, respectively. After the concatenation, the size of the fused vector is N × 1536, where N denotes the number of testing samples in each dataset. Fused features are optimized using an improved human learning algorithm following the final classification process.





2.6.1 Features fusion and optimization

Features extracted from the self-attention layer of both proposed models are fused using a concatenation function. Considering we have two feature vectors of dimensional N × 1024 and N × 512, the fused vector size will be N × 1536. However, a thorough analysis was conducted, and it was observed that a few features are not required for the classification process. Also, there are several redundant features; therefore, we implemented an improved human learning optimization algorithm for the best feature selection.





2.6.1.1 Human Learning Optimization (HLO)

Human learning, by nature, is a repetitious optimization process (Wang L. et al., 2015). Activities such as playing baseball or learning to dance are improved and mastered by repeatedly learning, similar to the global optima iteration of meta-heuristics searching (Wang L. et al., 2015). In this work, the improved HLO is used based on the four learning operators: the individual learning (IL) operator, social learning (SL) operator, random exploration learning (REL) operator, and relearning (RL) operator. Mathematically, the algorithm is defined in the following steps.






2.6.1.2 Initialization

HLO uses a binary coding system to solve problems, each bit resembling the fundamental piece of information. Thus, in Equation 3, a candidate solution is initialized with “0” or “1,” also known as binary strings, while randomly assuming that there was no prior knowledge of the issue.


[image: Mathematical notation displaying a vector \(X_l = [X_{l1}, X_{l2}, \ldots, X_{lj}, \ldots, X_{lm}]\), with constraints \(1 \leq l \leq n\) and \(1 \leq j \leq m\). Equation number (3) is shown on the right.]

Where [image: The image shows a mathematical notation, "r^th," indicating the ordinal notation for the rth term in a sequence or list.]  individual is [image: It seems there was an issue uploading the image. Please try uploading the image again or provide a description or URL if available.] , the number of individuals in the population is denoted by [image: A person wearing a wide-brimmed hat and sunglasses, sitting outdoors at a café table. The background shows green foliage and a blurry patio setting, suggesting a pleasant, sunny day.] , and the number of components contained in the knowledge [image: A woman with long hair is wearing a light-colored sweater, sitting indoors with a blurred background. The scene conveys a sense of softness and calm.]  can also be known as the dimensions of solutions used to initialize each person. (Equations 4, 5) presents the HLO population upon initialization.


[image: Equation shows a vector \( x \) as a column matrix with elements \( X_1, X_2, \ldots, X_j, \ldots, X_n \), equated to a matrix with rows \( X_{11}, X_{12}, \ldots, X_{1m} \) to \( X_{n1}, X_{n2}, \ldots, X_{nm} \).]

[image: Mathematical equation displaying a set notation: \( X_{ij} \in \{0, 1\} \), with conditions \( 1 \leq i \leq n \) and \( 1 \leq j \leq m \). Labeled as equation five.]





2.6.1.3 Learning Operators

There are four learning operators for HLO. Each one is described below:






2.6.1.4 Individual learning (IL) operator

The ability to construct knowledge about external influences and sources by personal reflection can be defined as individual learning. Through HLO, an individual learns how to solve problems by using their own experiences, which are stored in the Individual Knowledge Database (IKD), represented by (Equations 6–8).


[image: Mathematical equation showing \( X_{ij} = T K P_{ij} \), labeled as equation six.]

[image: Matrix equation showing \(IKD_{i} = \begin{bmatrix} ikd_{1n} \\ ikd_{2n} \\ \vdots \\ ikd_{pn} \\ \vdots \\ ikd_{gn} \end{bmatrix} = \begin{bmatrix} ik_{1 1} & ik_{1 2} & \cdots & ik_{1 j} & \cdots & ik_{1 m} \\ ik_{2 1} & ik_{2 2} & \cdots & ik_{2 j} & \cdots & ik_{2 m} \\ \vdots & \vdots & \ddots & \vdots & \vdots & \vdots \\ ik_{p 1} & ik_{p 2} & \cdots & ik_{p j} & \cdots & ik_{p m} \\ \vdots & \vdots & \vdots & \vdots & \ddots & \vdots \\ ik_{g 1} & ik_{g 2} & \cdots & ik_{g j} & \cdots & ik_{g m} \end{bmatrix}\). The component on the right is labeled as equation (7).]

[image: Mathematical equation showing two inequalities: one less than or equal to i less than or equal to n, one less than or equal to p less than or equal to g, and one less than or equal to s less than or equal to m, labeled as equation 8.]

Where the IDK of person [image: Please upload the image you want me to generate alternate text for.]  is represented by [image: It appears the image did not upload correctly. Please try uploading again or provide more context if possible.] , the best answer for each person [image: Please upload the image or provide a URL, and I'll assist you with creating the alt text.]  is represented by [image: The text "i k d subscript i p" is shown, with the subscript indicating a mathematical expression or variable.] , and a random number [image: Please upload the image you'd like me to generate alternate text for.]  decides which individual in the [image: The text "IKD" is presented in a blurred style, rendering the letters slightly distorted and challenging to read.]  is chosen for IL. The size of the [image: If you're trying to describe or include information from a specific image that contains text like "IKD_s," please retake a clearer screenshot or provide additional context so I can assist further. The current image is difficult to interpret due to its small size and quality.]  is represented by [image: It seems like there is an issue with the image upload. Please try uploading the image again or provide a URL for it. If you have any additional context or a caption, feel free to include that as well.] .






2.6.1.5 Social learning (SL) operator

The transfer of skills and knowledge among individuals through direct or indirect interaction is called social learning. In order to have an effective search function, HLO mimics the SL mechanism. Each HLO researcher examines the social knowledge included in the Social Knowledge Database (SKD) with a certain degree of probability. Similar to how human learning produces new solutions as presented in (Equations 9–11).


[image: Equation showing \( X_{ij} = 8K_{0ij} \) with the number nine in parentheses as a reference.]

[image: Matrix SKD is displayed with dimensions p by h, linked to a larger matrix with dimensions Q by m. Elements are denoted as \(skd\) and \(sk_Q,i\), organized in a structured format.]

[image: It seems there was an issue with the image upload. Please try uploading the image again, or describe it so I can help generate appropriate alt text.]

Where the size of SKD is [image: It seems there was an error in uploading the image. Please try again by uploading the image file or providing a URL to the image. If there's any specific content you expect, please also share that information.]  and the [image: Text shows a mathematical expression with the letter "Q" followed by the superscript "th".]  social knowledge in SKD is represented by [image: Letters "SKD" with a subscript "Q" in a serif font style.] , that is, the newly created candidate [image: It appears there was an error, as it seems no image was uploaded. Please try uploading the image again or provide a URL.]  duplicates the relevant bit after selecting at random one of the better solutions kept in the SKD.






2.6.1.6 Random exploration learning (REL) operator

The exploratory processes are characterized by unpredictability since the novel challenge is typically unknown beforehand. By using (Equation 12) with a specific probability to conduct out REL, HLO simulates these occurrences.


[image: Equation showing a conditional statement: \( X_{ij} = RE(0,1) \), resulting in 0 if \(\text{rand} < 0.5\), and 1 otherwise. Tagged as equation (12).]

Where the random number [image: Equation showing the word "rand", likely referring to a function, with a variable represented as a subscript. The image is slightly blurred and grayscale.]  value is between 0 and 1.






2.6.1.7 Relearning operator

This could potentially assist HLO in breaking free from local optima and achieving improved performance, similar to individuals relearning using a novel strategy to get past the bottleneck.






2.6.1.8 Updating the IKD and SKD

After people complete learning in each generation, the fitness of a new alternating solution is determined using a pre-established fitness function, which is presented in (Equation 13).


[image: Formula for calculating cost: COST equals rho multiplied by ERROR plus c sub s multiplied by the fraction of the number of selected features over the maximum number of features.]

Where [image: Please upload the image you are referring to so I can generate the alternate text for you.]  is initialized as 0.82, [image: A lowercase Greek letter zeta (ζ) in a stylized, slightly italicized font. The character appears bold and has a smooth curve flowing from top to bottom.]  is initialized as 0.02, and the error is defined in (Equation 14).


[image: Certainly! Please upload the image for which you need alternate text.]

(Equation 15) states the specific rates at which REL, SL, and IL are performed to produce new solutions.


[image: Equation showing the value of \( X_{ij} \). It is defined by a piecewise function with three conditions: \( RE(0,1) \) if \( 0 \leq \text{rand} < PR \); \( IK_{ip} \) if \( PR \leq \text{rand} < PI \); and \( SK_{oj} \) otherwise. Indicated as equation (15).]

The rate of SL and IL is represented by [image: Mathematical expression showing \(1 - PI\), where PI is a variable or constant.]  and [image: Equation illustrating the subtraction of PR from PI, enclosed in parentheses.]  respectively, here [image: It seems you tried to upload an image, but it didn't come through. Please try uploading it again, and I'll be happy to help with the alt text.]  stands for the likelihood of REL. The information included in the IKD is removed using the relearning operator if a person’s learning gets caught in a bottleneck. This allows the individual to resume learning without being influenced by prior experiences. Until the termination requirements are satisfied, the HLO update operation and learning operators are repeatedly performed. The Algorithm 1 is updated with the Bayesian inference learning for the final selection (Zhang et al., 2023).

Algorithm 1 | Proposed feature selection algorithm.


[image: Algorithm flowchart with input as feature vector and output as optimal vector. Step 1: Initialize parameters with specific values. Step 2: Compute fitness and generate initial IKD and SKD. Step 3: Check completion, generate solution, update fitness and IKD, SKD. Step 4: Clear IKD if needed, else repeat Step 3.]







2.7 Shallow neural network classifier

The shallow wide neural network [SWN (Gavhale and Gawande, 2014)] classifier is utilized in this work to classify selected features. The SWNN classifier consists of one fully connected layer with ten neurons in the input layer. The architecture of SWNN is shown in 
Figure 8
. Followed by the next classifier, the medium neural network (MN2) is composed of one fully connected layer, with the layer size being 25. Next comes the Narrow Neural Network (N3), Bilayered Neural Network (BiN2), and Trilayered Neural Network (TiN2); that input layer size was 100 and included two hidden layers (fully connected). These classifiers are employed for the classification comparison with SWN2.


[image: Diagram illustrating a shallow neural network. It begins with a yellow hexagon labeled "Feature Vector," followed by an "Input Layer." Multiple pink circles represent neurons linked to a "Fully Connected Layer" of blue circles. The output leads to a green diamond labeled "Predicted classes."]
Figure 8 | 
Shallow wide neural network classifier for the classification.







3 Results and discussion

The results of this work’s experiment are explained using tables and confusion matrices in the following section.





3.1 Experimental environment

The datasets used for this experiment are the apple and cumber, as discussed in section 2.1. 70% of the images were used for the training procedure, and the remaining 30% were employed for the testing. The classifiers are applied after extracting features of both models, after the fusion of the feature, and after the optimization is applied to both datasets. A 10-fold cross-validation approach has been utilized in the entire experimental process. Several neural network classifiers and performance metrics were used throughout the validation phase, including accuracy, processing time, f1 score, tpr, PPV, FPR, and area under the curve. The framework was simulated on MATLAB 2023b using a Personal Computer with 128GB RAM and 12GB Graphics Card RTX 3060.






3.2 Apple dataset results

This subsection presents the Apple dataset results as numerical and confusion matrices. 
Table 2
 presents the proposed classification results. The first part (a) presents the results of proposed Bottleneck Residual with Self-Attention (BRwSA) architecture in this table. The SWN2 classifier obtained the best accuracy of 94.2%, whereas the execution time was 24.745 (sec). The TPR value of this classifier is 94.2, the PPV value is 94.175, the F1-Score value is 94.187, and AUC is 0.99175, respectively. The other shallow classifiers, such as SN3 and SMN2, achieved 93.8 and 93.8% accuracy, respectively. A small decline of 0.4% is noted in the performance of these classifiers compared to SWN2. The confusion matrix of this experiment is illustrated in 
Figure 9A
, which can be employed to verify SWN2 results. In this figure, the correct prediction rate of each class is 90.2, 97.0, 97.8, and 91.7%, respectively. The testing time of the classification process is also noted, and the lowest recorded computational time is 21.118 sec for the SMN2 classifier.


Table 2 | 
Classification results of the proposed framework on Apple Dataset.




[image: Table of classification results for various architectures and algorithms. Four subsections show results for (a) Bottleneck Residual with Self-Attention, (b) Inverted Bottleneck Residual with Self-Attention, (c) Fused Features, and (d) Proposed Optimization Algorithm. Metrics include TPR, PPV, F1 Score, FPR, AUC, ACC, and Time. SWN² classifier consistently performs best across categories, achieving the highest accuracy and lowest error rates. Bold values indicate top performance metrics.]

[image: Four confusion matrices (labeled a, b, c, d) display classification results for apple diseases: Apple Scab, Black Rot, Cedar Apple Rust, and Healthy. Matrices show predicted versus true classes with varying accuracies. Each matrix highlights highest accuracy in blue for different conditions along diagonal.]
Figure 9 | 
Confusion matrix of SWNN classifier for each performed experiment using Apple dataset. (A) Confusion matrix of proposed BRwSA architecture, (B) confusion matrix of proposed IBRwSA architecture, (C) confusion matrix of fused features, and (D) confusion matrix of proposed selected features.


The second part of this table presents the classification results of proposed Inverted Bottleneck Residual with Self-Attention (IBRwSA) architecture. The SWN2 classifier obtained the highest accuracy of 92.5%, with an execution time of 55.245 sec. The TPR value of this classifier is 92.55, a PPV value of 92.55, an F1-Score value of 92.55, and an AUC of 0.98515, respectively. The rest of the classifiers obtained an accuracy of 92.0, 91.9, 91.3, and 91.6%, respectively. The confusion matrix of the SWN2 classifier is illustrated in 
Figure 9B
, which can be utilized to verify the computed TPR value. The correct prediction rates for each class in this figure are 89.4, 96.4, 95.8, and 88.6%, respectively. Also, the computational time of each classifier is noted, and SMN2 has the lowest reported time of 40.226 sec.


Compared to the results of both proposed architectures, it is noted that the BRwSA model shows an improvement in accuracy of 1.7%. Moreover, the TPR and PPV of this model are better than those of IBRwSA. In addition, the proposed BRwSA architecture executed faster than the IBRwSA. Features fusion of both models, the accuracy and TPR rates are improved. In the third part of this table, the fusion results are presented. After the fusion, the maximum obtained accuracy was 94.5%, whereas the execution time was 57.711 sec. This classifier’s TPR, PPV, F1-Score, and AUC values are 94.55, 94.55, 94.55, and 0.9926, respectively. A confusion matrix is also illustrated in 
Figure 9C
, representing that each class’s correct prediction rate is 91.4, 98.2, 97.6, and 91.0%. The computational time of the fusion process is increased; however, the minimum noted time is 44.631 sec using the BN2 classifier. Compared to the fusion results with individual deep learning models, it is observed that the accuracy is improved; however, the time is also increased.


The proposed optimization algorithm has been performed to improve the accuracy further and reduce the computational time in the testing process. The results are noted in the last part of 
Table 2
. The SWN2 shows an improved accuracy of 94.8%, whereas the execution time is 13.208 sec. There are a few other performance measures, such as TPR value of 94.75, PPV value of 94.75, F1-Score of 94.755, and 0.99.28 AUC value. The accuracy of the other shallow classifiers is 94.2, 94.5, 94.0, and 93.8%, respectively. Based on these values, accuracy improves after the optimization process. 
Figure 9D
 shows the confusion matrix for the shallow wide classifier, which may be used to confirm the TPR value. The image displays the accurate prediction rate of each class as follows: 91.6, 98.2, 98.0, and 91.2%. Compared with previous experiments, the optimization process shows better performance. In addition, the minimum computational time is 13.208 (sec), which is significantly reduced.





3.3 Cucumber dataset results

Cucumber dataset results are presented in this subsection. 
Table 3
 presents the detailed numerical results of the proposed framework using the cucumber dataset. In the first part of this table, the proposed BRwSA architecture results show the maximum obtained accuracy of 86.3% for the SWN2 classifier, whereas the execution time is 47.699 sec. The TPR value of this classifier is 86.28, the PPV value is 86.28, the F1-Score value is 86.392, and AUC is 0.95402, respectively. The other shallow classifiers obtained 82.6, 85.7, 83.7, and 81.47% accuracy, respectively. 
Figure 10A
 illustrates the confusion matrix of SWN2 for this experiment that can be utilized to verify the TPR value of SWN2. When computational time is noted, the SMN2 required a minimum time of 15.501 sec.


Table 3 | 
Proposed framework classification results using the Cucumber dataset.


[image: Classification table with results for various architectures and feature selection algorithms. There are four sections with classifiers: (a) Bottleneck Residual with Self-Attention, (b) Inverted Bottleneck Residual with Self-Attention, (c) Fused Features, and (d) Feature Selection for Cucumber dataset. Metrics include TPR, PPV, F1 Score, FPR, AUC, ACC, and Time. Bolded values indicate best accuracy. SWN² classifier has the highest values in each section, with ACC and Time measuring efficiency.]

[image: Four confusion matrix panels (a, b, c, d) display the classification accuracy of plant diseases: Angularleafspot, Anthracnose, Blight, Downymildew, and Powderymildew. Each matrix shows predicted versus true class percentages, highlighting higher accuracy in blue shades. Panel (a) shows strong accuracy for Blight; (b) for Downymildew; (c) for Blight and Powderymildew; (d) for Angularleafspot and Blight, indicating variation in prediction success across models.]
Figure 10 | 
Confusion matrix of SWNN classifier for each performed experiment using Cucumber dataset. (A) Confusion matrix of proposed BRwSA architecture; (B) confusion matrix of proposed IBRwSA architecture; (C) confusion matrix of fused features, and (D) confusion matrix of proposed selected features.


In the second part of this table, IBRwSA architecture results are presented. The SWN2 classifier obtained the highest accuracy of 87.5%, with an execution time of 105.96 sec. The TPR value of this classifier is 87.52, a PPV value of 87.5, an F1-Score value of 87.51, and an AUC value of 0.87054, respectively. The rest of the classifiers mentioned in this table obtained 85.6, 84.0, 83.4, and 84.2% accuracy, respectively. The confusion matrix is also presented in 
Figure 10
, which can be used to verify the TPR rate of this classifier. Compared to the performance of this architecture with the proposed BRwSA, there is a slight reduction in accuracy, and an increase in time is noted.


To improve the performance of this dataset, we performed feature fusion. Results are discussed in 
Table 3
(c), which shows the improvement in accuracy. The obtained accuracy after the fusion process is 88.0%, whereas the time is increased to 125.2 sec. To reduce the time and maintain the classification accuracy, we performed an optimization algorithm and obtained the maximum accuracy of 94.9% on the SWN2 classifier. The computational time of this classifier is 37.925 sec, which is significantly reduced. The TPR value of this classifier is 94.92, the PPV value is 94.92, the F1-Score is 94.92, and 0.98672 is the AUC value. The accuracy of the other shallow classifier is 90.7, 93.0, 90.9, and 90.8%, respectively. 
Figure 10D
 illustrates the confusion matrix of the SWN2 classifier that can be utilized to verify the TPR value. The correct prediction value of each class after the optimization process reaches 96.9, 91.3, 98.9, 90.6, and 96.9%, respectively. Overall, the optimization step improved the accuracy and reduced the computational time.






3.4 Ablation studies

Detailed ablation studies of the proposed framework are described here based on the following points: performance of pre-trained models and proposed networks, time comparison, and comparison with recent SOTA techniques. The proposed framework consists of four important steps: BRwSA architecture, IBRwSA architecture, a fusion of features of both architectures and the selection of best features using an improved HLO algorithm. Results are discussed in 
Tables 2
, 
3
, showing the accuracy improvement after the fusion and optimization process. Confusion matrices are also illustrated in 
Figures 9
, 
10
 are utilized to verify the TPR value of SWN2 for each experiment conducted for validation. From the results, we concluded that the proposed BRwSA architecture yielded better results than the IBRwSA architecture. In addition, this architecture contains fewer learning parameters and performs better than the pre-trained deep learning architecture (a comparison is conducted in 
Figure 11
). In this figure, the upper part shows the accuracy of pre-trained and proposed architectures on the selected datasets separately. For the Apple dataset, the AlexNet model obtained an accuracy of 85.8%, and GoogleNet achieved 86.3%. The recent models, such as InceptionV3, DenseNet201, and MobileNetV2, obtained improved accuracies of 90.1, 91.6, and 92%, respectively. The proposed architectures obtained 94.2 and 92.5% accuracy, which is improved than the compared models. Similarly for the Cucumber dataset, the proposed architectures obtained 86.3 and 87.5% accuracy, whereas the pre-trained models obtained accuracy of 80.1, 80.6, 82.3, 82, 83.5, 84.2, and 84.8%, respectively. In the second part of this figure, testing time is plotted for each classifier. Four experiments are performed, and it is noted that the time is increased after the fusion process; however, this time is optimized using an improved HLO algorithm. Hence, time is significantly reduced after the optimization algorithm, which is this work’s strength.


[image: Bar charts comparing deep learning model performances and testing times. Top left: Pink bars display accuracy percentages of different models on an apple dataset, with BReSA achieving the highest accuracy of 94.2%. Top right: Green bars show accuracy on a cucumber dataset, with BRwSA scoring 86.3%. Bottom left: Multi-colored bars indicate testing times on an apple dataset, with Fusion taking the longest at 66.43 seconds. Bottom right: Testing times on a cucumber dataset highlight IBRwSA with the longest time at 241.93 seconds. Each chart has legends for different testing conditions.]
Figure 11 | 
Analysis of proposed models and entire framework based on accuracy and testing time.


As shown in 
Figure 11
, the proposed BRwSA architecture achieved better accuracy on the selected datasets than the proposed IBRwSA and pre-trained models; therefore, we employed the LIME technique as an explainable AI for the interpretation. The inside information of proposed IBRwSA BRwSA architecture is highlighted through LIME, as shown in 
Figure 12
. The disease spots are highlighted with different colours based on the LIME interpretation. Except for all, the blue colour presents the healthy part in the image, which is wrongly identified as a diseased part.


[image: A comparison table shows original leaf images and their LIME analysis results under two sections: Proposed IBRwSA and Proposed BRwSA. Each section includes labeled conditions such as Apple Black Rot, Cedar Rust, and Scab, as well as Cucumber diseases like Angular Leaf Spot and Powdery Mildew. Images demonstrate LIME-generated heatmaps highlighting affected areas on leaves.]
Figure 12 | 
LIME based visualization results of the proposed IBRwSA and BRwSA architecture.




Table 4
 summarises the proposed framework accuracy comparison with state-of-the-art (SOTA) techniques. In this table, a comparison is conducted based on datasets such as Apple and Cucumber. Authors (Zhong and Zhao, 2020) used an apple leaf image dataset and obtained a maximum accuracy of 93.71%. In (Bi et al., 2022), the ResNet152 model achieved the highest accuracy of 77.65%. Authors in (Khan et al., 2022) (Yu and Son, 2019), and (Kodors et al., 2021) used the Apple Leaf Image dataset and obtained an accuracy of 88.0, 84.3, and 87.0%, respectively. The proposed framework obtained an accuracy of 94.8%, which is better than the SOTA methods. Similarly, a comparison is conducted for the Cucumber dataset, and it is noted that the previous best reported accuracy was 94.7% by (Li et al., 2020) on cucumber leaf image dataset. The proposed framework obtained better accuracy of 94.9% using the Cucumber Private Dataset.


Table 4 | 
Proposed framework comparison with recent state-of-the-art techniques on selected datasets.


[image: Table comparing accuracy of methodologies for apple and cucumber datasets. Apple leaf images show accuracies ranging from 73.50% to 94.8%. The proposed methodology achieved 94.8%. Cucumber private datasets show accuracies between 80% and 94.9%, with the proposed methodology reaching 94.9%. Bold values indicate highest accuracies.]






4 Conclusion


This work proposes a novel deep-learning framework with an improved HLO algorithm for apple and cucumber leaf disease classification. A contrast enhancement technique is proposed that increases the contrast of infected spots to help better feature extraction. Two novel deep learning architectures, BRwSA and IBRwSA, are proposed. Both architectures are trained on the selected datasets employed in the testing phase. Features are extracted from the self-attention layer and fused using a concatenation approach. Further, the fused features are optimized using an improved HLO algorithm. The selected features are finally classified using a shallow neural network classifier. The experimental process was conducted on two datasets and obtained improved 94.8 and 94.9% accuracy, respectively. Based on the detailed experiments, the following points are concluded:


▪ The contrast enhancement technique improved the contrast of the disease spot region, further helping to learn useful features.


▪ The inverted bottleneck model reduced a few important features in the convolutional layers compared to BRwSA; hence, the accuracy declined little and increased the number of learning parameters.


▪ Features are extracted from the self-attention layer and fused using a concatenation layer. The fusion process improved the accuracy, but computational time also jumped, which is the dark side of this step.


▪ Selection of best features using an improved HLO algorithm improved the accuracy and precision rate; however, another strong point was decreased computational time.


The limitation of proposed framework is the fusion process which increase the overall computation of the method. In future, we will propose activation based fusion and also will employ a light weight vision transformer for better learning. In addition to this, combine the selected datasets into a single dataset and then utilized for the training and testing. Based on this strategy, it can be easy to analyze the robustness and generalizability of the presented work.
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Eucalyptus globulus Labill., is a recognized multipurpose tree, which stands out not only for the valuable qualities of its wood but also for the medicinal applications of the essential oil extracted from its leaves. In this study, we implemented an integrated strategy comprising genomic and phenomic approaches to predict foliar essential oil content, stem quality, and growth-related traits within a 9-year-old breeding population of E. globulus. The strategy involved evaluating Uni/Multi-trait deep learning (DL) models by incorporating genomic data related to single nucleotide polymorphisms (SNPs) and haplotypes, as well as the phenomic data from leaf near-infrared (NIR) spectroscopy. Our results showed that essential oil content (oil yield) ranged from 0.01 to 1.69% v/fw and had no significant correlation with any growth-related traits. This suggests that selection solely based on growth-related traits did n The emphases (colored text) from revisions were removed throughout the article. Confirm that this change is fine. ot influence the essential oil content. Genomic heritability estimates ranged from 0.25 (diameter at breast height (DBH) and oil yield) to 0.71 (DBH and stem straightness (ST)), while pedigree-based heritability exhibited a broader range, from 0.05 to 0.88. Notably, oil yield was found to be moderate to highly heritable, with genomic values ranging from 0.25 to 0.60, alongside a pedigree-based estimate of 0.48. The DL prediction models consistently achieved higher prediction accuracy (PA) values with a Multi-trait approach for most traits analyzed, including oil yield (0.699), tree height (0.772), DBH (0.745), slenderness coefficient (0.616), stem volume (0.757), and ST (0.764). The Uni-trait approach achieved superior PA values solely for branching quality (0.861). NIR spectral absorbance was the best omics data for CNN or MLP models with a Multi-trait approach. These results highlight considerable genetic variation within the Eucalyptus progeny trial, particularly regarding oil production. Our results contribute significantly to understanding omics-assisted deep learning models as a breeding strategy to improve growth-related traits and optimize essential oil production in this species.
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1 Introduction

The Eucalyptus genus comprises more than 900 species and subspecies distributed in several environmental conditions, including arid, semi-arid, tropical, oceanic, and Mediterranean climates (Drake et al., 2015; Ballesta et al., 2018). Some Eucalyptus species are renowned for their remarkable biomass production, rapid growth rate, and exceptional adaptability (Mora et al., 2019; Ballesta et al., 2018; Ballesta et al., 2019). They have been cultivated across a global plantation area exceeding 22.57 million hectares (ha) worldwide, spanning over 90 countries with the major centers of cultivation in Brazil (5.7 million ha), India (3.9 million ha) and China (4.5 million ha) (FAO, 2020; Seng et al., 2022). Eucalyptus plantations serve as a valuable resource for the forestry industry, as they constitute the primary sources of biomass globally and among the main hardwoods utilized in pulp and wood production (Paiva et al., 2011; Mora et al., 2019; Ballesta et al., 2018, Ballesta et al., 2019). Additionally, several Eucalyptus species contain bioactive compounds, contributing to the production of diverse agro-based industrial products (Mieres-Castro et al., 2021). In fact, Eucalyptus compounds have diverse applications in nutraceuticals (Hamed et al., 2021), natural food preservatives (Kumar Tyagi et al., 2014; Boukhatem et al., 2020; Kheloul et al., 2023), pharmaceuticals (Salehi et al., 2019; Silveira et al., 2020; Chandorkar et al., 2021; Mieres-Castro et al., 2021), agricultural crop protection (Üstüner et al., 2018; Tomazoni et al., 2018; da Silva et al., 2020; Oli et al., 2019; Pedrotti et al., 2019, Pedrotti et al., 2020, Pedrotti et al., 2022), and renewable biofuels (Kainer et al., 2015, Kainer et al., 2017, Kainer et al., 2018, Kainer et al., 2019). Moreover, Eucalyptus terpene-based essential oils are economically important commodities (Barbieri and Borsotto, 2018; Kainer et al., 2019), which are frequently produced on an international scale as by-products in plantations of species such as E. polybractea, E. smithii, and E. globulus, primarily cultivated for their wood (Kainer et al., 2015, Kainer et al., 2017). The oil production and related traits in commercially harvested Eucalyptus species depend on complex quantitative factors, including foliar oil content, foliar biomass, and environmental adaptation (Kainer et al., 2015).

Eucalyptus globulus Labill is a key source of foliar essential oil used for pharmacological purposes, attributed to its elevated content of the main bioactive monoterpene, 1,8-cineole (commonly known as eucalyptol), which can comprise over 80% of the total oil (Mieres-Castro et al., 2021). Its bioactive compounds, including 1,8-cineole, contribute to pharmacological advancements and also hold potential for the development of eco-friendly natural products (Almeida et al., 2024). This distinctive species is also among the most widely cultivated hardwood trees in temperate regions of the world, prized for its application as raw material in the pulp and paper industry due to its high-quality cellulose pulp, along with low lignin and lipid content (Aumond et al., 2017; Ballesta et al., 2019; Mora et al., 2019). The tree’s adaptability and rapid growth make it a valuable asset for afforestation projects to mitigate environmental challenges (Ballesta et al., 2019; Mora et al., 2019). As a resilient and economically important species, E. globulus continues to play a pivotal role in ecological conservation efforts and various sectors of sustainable development, highlighting its multifaceted contributions to a more robust and sustainable global environment (Tomé et al., 2021).

The implementation of cutting-edge molecular approaches, exemplified by genotyping by sequencing and the utilization of high-density DNA arrays, has significantly propelled the field of genomic prediction (Ballesta et al., 2019). This progress is particularly notable in the application of several models to predict productivity traits in many crops and trees (Jung et al., 2022; Kent et al., 2023; Liao et al., 2022; Parveen et al., 2023). Alternatively, the canopy spectral reflectance and vegetation indices have been used as phenomics data to improve the prediction of genomic models (Ballesta et al., 2022). This is due to their ability to provide swift and affordable information on several traits of industrial interest in Eucalyptus and other species (Ballesta et al., 2022; Rincent et al., 2018). Recent advancements in the field of industrial crops research have emphasized the development and application of Multi-trait and/or Multi-environment genomic prediction models integrated with Machine Learning and Deep Learning methodologies, offering a promising solution for selective crop breeding (Maldonado et al., 2022). These models have demonstrated significant improvements in prediction accuracy (PA) over traditional models and Uni-trait approaches, especially in cases where traits have low or negative correlations (Mora-Poblete et al., 2023). Their efficacy becomes even more pronounced in predicting traits that are inherently challenging or expensive to phenotype within species of agro-industrial interest, as highlighted by recent studies (Maldonado et al., 2020, Maldonado et al., 2022; Mora-Poblete et al., 2023). To our best knowledge, no studies have applied Multi-trait and Multi-omics approaches, or an integrated phenomic/genomic method with artificial neural models, to predict phenotypic traits of industrial interest in E. globulus, highlighting a significant gap in research and breeding efforts (Rambolarimanana et al., 2018; Ballesta et al., 2018, Ballesta et al., 2019; Mora et al., 2019; Maldonado et al., 2022). Implementing these advanced methodologies could contribute to the development of genetically improved individuals and enhance the sustainability of essential oil production and related traits (Kainer et al., 2015, Kainer et al., 2017, Kainer et al., 2018, Kainer et al., 2019; Mazanec et al., 2021), which in turn supports the sustainable production and consumption of E. globulus across different industries, demonstrating the multifaceted benefits of integrating cutting-edge technologies into agro-industrial practices (Kainer et al., 2017; Boukhatem et al., 2020; Hamed et al., 2021; Khazraei et al., 2021; Pedrotti et al., 2022).

In response to these challenges and opportunities, this study aimed to improve the prediction accuracy of industrial phenotypic traits such as essential oil content, stem quality, and growth-related traits, in E. globulus by a Multi-trait and Multi-omics deep learning (DL) approach. This approach paves the way for advancements in sustainable agricultural and forestry practices. In this study, the DL models incorporated genomic data related to single nucleotide polymorphisms (SNPs) and haplotypes, as well as phenomic data from NIR spectral absorbance, to predict traits of industrial interest in a 9-year-old breeding population. The insights and findings presented in this study significantly contribute to advancing our understanding of breeding strategies based on omics-assisted deep learning models to improve traits of industrial interest in E. globulus, ultimately promoting progress in plant science and facilitating more effective and targeted breeding efforts.




2 Materials and methods



2.1 Plant material

The study’s breeding population of Eucalyptus globulus consisted of 62 full-sib and 3 half-sib families, totaling 1,968 individuals, which were selected for improving wood production-related traits. These families were sourced from forest seed orchards of Semillas Imperial SpA, Chile. The progeny trial was established in 2012 in La Poza, Purranque, in the administrative region of Los Lagos, Chile (40°58’S, 73°30’W, 326 m.a.s.l.). The prevailing climate in this area is an Oceanic or Marine climate type with an annual accumulated rainfall of 1282 mm and an average annual temperature of 13°C (Ballesta et al., 2018). The experimental design was a randomized complete block, with 30 blocks, single-tree plots, and a spacing of 2.5 m between the trees within a block (Ballesta et al., 2018, Ballesta et al., 2019; Mora et al., 2019).




2.2 High-throughput phenotyping and genotyping

The absolute reflectance of leaves (0.1 g lyophilized powder per individual) was measured following the methodology of Castillo et al. (2008) using a NIR spectrometer (NIRQuest512 spectrometer, Ocean Optics, Inc., Orlando, FL, USA), an HL-2000-HP-FHSA light source, and a 3.18 mm diameter bifurcated optical fiber (QR600-7-VIS- 125F). The NIR system was calibrated using a Spectralon® reflectance standard (Labsphere, Inc., North Sutton, NH, USA). The measurements covered the spectral range from ~900 to 2500 nm. The equipment was set to integrate three samples per scan. The NIR spectral absorbance values were calculated as log(1/R) (where R is the reflectance spectra). The spectral data were pre-processed in the R 4.0.5 software (Core Development Team, 2020) following the method of Rincent et al. (2018), in which the spectral absorbance values were normalized (centered and scaled), and their first derivative was computed using a Savitzky–Golay filter (window size of 37 points).

Genomic DNA was extracted from the leaves of 339 randomly selected individuals (Ballesta et al., 2018). Genotyping of individuals was carried out using the EUChip60K SNPs system (GeneSeek, Lincoln, NE, USA). The genotyping quality of the samples was evaluated in Genome Studio software (Illumina, San Diego, CA). The genotyping quality of the samples was assessed using the Genome Studio software (Illumina, San Diego, CA). The SNPs with a minor allele frequency of<0.05 and a call rate of<90% were excluded from the data matrix, resulting in 14,442 high-quality SNPs for the individuals. Haplotype blocks were identified using a confidence interval algorithm in Haploview v. 4.2 (Ballesta et al., 2019). It was determined that two SNPs were in strong linkage disequilibrium (LD) if the coefficient of disequilibrium (D′) value was high (upper limit > 0.98 and lower limit ≥ 0.7). D′ values were calculated between loci A and B, and the physical positions of each SNP were determined based on the consensus map of the Eucalyptus grandis genome. Omics datasets, comprising phenomic data from NIR spectral absorbance and genomic data related to SNPs and haplotypes, were used to develop Uni/Multi-trait and Uni/Multi-omic deep learning models for predicting traits of industrial interest (as detailed in section 2.5).




2.3 Measurements of phenotypic traits

Phenotypic traits of industrial interest related to foliar essential oil content and wood production-related traits were assessed in 9-year-old trees. Fresh, fully expanded, mature leaves were collected from the northeastern side of the canopy to measure foliar essential oil content. The leaves were stored in airtight plastic bags at 4°C and transported under refrigeration to the laboratory, where they were immediately frozen at -20°C until processing. Foliar essential oils were extracted by hydrodistillation, following established protocols from previous studies with E. globulus (Zrira et al., 1992; Silvestre et al., 1997; Kassahun and Feleke, 2019; Ngo et al., 2020). Briefly, a total of 100 grams (g) of fresh leaves per individual were cleaned with distilled water and ground in a waring blender with 750 milliliters (mL) of distilled water. The essential oil from grounded fresh leaves was extracted at 100°C for 3 hours using a Clevenger-type apparatus, glassware, and standard instruments recommended in the European Pharmacopoeia (European Pharmacopoeia, 2020). The hydrodistillation process was carried out 3 times for each individual and the essential oil content was calculated as a percentage of oil yield (oil yield) using the following equation:

[image: Formula for oil yield calculation: oil yield equals the volume of essential oil in milliliters divided by leaf fresh weight in grams, multiplied by one hundred.]	

Wood production-related traits were assessed by measuring the following phenotypic attributes: tree height (TH), diameter at breast height (DBH), slenderness coefficient (SC), stem straightness (ST), branching quality (BQ), and stem volume (VOL). TH was measured using a hypsometer from ground level to the highest point of the tree. DBH was measured with a diameter tape at 1.3 m above ground level. SC was calculated according to Valenzuela et al. (2019), Valenzuela et al, 2021), with a SC = TH/DBH. ST, BQ, and VOL were evaluated according to Ballesta et al. (2018), Ballesta et al, 2019) and Mora et al. (2019).

Supplementary Table S1 presents the compiled values from the measurement of industrial phenotypic traits of interest in E. globulus individuals. The relationship between the evaluated traits was analyzed by calculating the average Pearson correlation coefficient (between quantitative traits) and Spearman’s rank correlation coefficient (between categorical traits). Correlation tests were conducted using R 4.0.5 software (Core Development Team, 2020).




2.4 Genomic and pedigree-based heritability

In this study, the heritability estimates were based on both genetic data derived from an array of SNP markers and pedigree information. For heritability estimation based on the genomic information, the following models were used: Bayes A (Meuwissen et al., 2001), Bayes B (Meuwissen et al., 2001), Bayes C (Habier et al., 2011), and Bayesian Ridge Regression (BRR; Gianola, 2013) implemented in BGLR library (Pérez and de los Campos, 2014) in R 4.3.2 software (Core Development Team, 2020). These models were implemented according to Ballesta et al. (2020). On the other hand, in heritability estimation based on a pedigree model, individual breeding values were estimated using a Bayesian generalized linear model implemented through the MCMCglmm library (Hadfield, 2010) in R 4.3.2 software (Core Development Team, 2020) according to Mora et al. (2019).




2.5 Uni/multi-trait and uni/multi-omic deep learning models



2.5.1 Convolutional neural networks and multilayer perceptron

The CNN was implemented following the methodology proposed by Pérez-Enciso and Zingaretti (2019), utilizing a convolutional layer (conv1D) for effective feature extraction. The layers of this approach follow a hierarchical structure, which has a tremendous capability of extracting robust features at each of the layers through the learning process (Maldonado et al., 2022). Briefly, the architecture was composed of (I) an input layer for loading the input data with n (number of molecular markers or spectral signatures) neurons, (II) two Conv1D layers for feature extraction from the molecular markers or spectral data (considering a kernel matrix or weight matrix), (III) 1D max pooling layer (Maxpool1D) for reduces the resolution to dividing the input into 1D pooling regions and computing the maximum value of the feature map in each region, (IV) flatten layer for creating a one-dimensional vector through flatten the input data, (V) two dense layers (fully connected layer), which implies that the neurons between this layer and its preceding layer are fully connected, and (VI) output layer (dense layer for prediction) which employs the linear activation function for prediction problem. The MLP was implemented according to Mora-Poblete et al. (2023). The architecture of MLP was composed of (I) an input layer with n (number of molecular markers or spectral signatures) neurons, (II) three dense hidden layers, and (III) an output layer (dense layer for prediction). The neurons in the network are fully connected and perform non-linear transformations on the original input attributes. Additionally, the strength of the connection weights determines the contribution of each neuron to the overall network output. Deep learning models (CNN and MLP) were carried out in Python v3.11.6, Tensorflow v2.13.0, and Keras v3.0.0, considering the following hyperparameters according to Mora-Poblete et al. (2024): 200 epochs, CNN or MLP layers plus 3 dense hidden layers and 1 dropout layer (with 20% dropout), and rectified linear activation unit (ReLU) as the activation function method for training the models. Pseudocodes for implementing deep learning algorithms are provided in the methodology section of the Supplementary Material. In this study, we utilized a mid-level computing cluster equipped with 28 cores and 62 GB of RAM per core. While this setup represents a significant computational resource, it is increasingly feasible for many institutions through affordable cloud computing services, which have seen a reduction in costs in recent years (Yanamala, 2024). Moreover, all software used in this study is freely available, making it accessible to researchers irrespective of their financial constraints. It is important to note that although training deep learning models is resource-intensive, once the models are trained, they do not require ongoing computational resources for application. This allows for their deployment across various breeding programs without the need for additional training or adjustments, thus mitigating some of the initial computational demands.




2.5.2 Cross-validation

The performance of Deep Learning models (CNN and MLP) using Uni/Multi-trait and Multi-omic approaches for predicting traits of industrial interest was assessed using 50 cycles of cross-validation. In each cycle, independent and non-overlapping groups for training (80%) and testing (20%) were randomly selected, ensuring that the data used for training were entirely separate from those used for testing. Furthermore, the random selection process in each cycle ensured that the training and testing sets remained independent across all cycles. The DL models were assessed to predict quantitative traits (Oil yield, TH, DBH, SC, and VOL), and categorical traits (BQ and ST). Prediction accuracy (PA) was assessed by calculating the mean of the Pearson correlation coefficient between observed and predicted traits. DL models (CNN or MLP) and types of omic datasets (SNPs, Haplotypes, NIR spectral absorbance, SNPs+NIR spectral absorbance, SNPs+Haplotypes, Haplotypes+NIR spectral absorbance, SNPs+Haplotypes+NIR spectral absorbance) were compared across Uni/Multi-trait and Uni/Multi-omic approaches. Significant differences in PA values between the omic dataset for Uni-trait and Multi-trait approaches were assessed by a general linear model (GLM) with Tukey’s post hoc multiple comparison tests (p<0.05). Significant differences in PA values of each procedure were assessed using the t-Student test (p<0.05, p<0.01, and p<0.001). Significant differences in PA values of the CNN model compared to the MLP model for the same assessed omic dataset and the same approach, were evaluated by the t-Student test. Statistical comparison tests were conducted using R 4.3.2 software (Core Development Team, 2020).






3 Results



3.1 Phenomic and genomic data

Figure 1 shows the omic data related to NIR spectral absorbance from the leaves of randomly selected E. globulus individuals within the study population. Our results revealed that the spectral signature of leaves from this population exhibited four main peaks: between 1300-1500 nm, 1650-1800 nm, 1850-2000 nm, and 2200-2400 nm. On the other hand, the sample genotyping quality filters resulted in 14,442 high-quality SNPs for the individuals.

[image: Line graph showing near-infrared (NIR) absorbance percentage on the y-axis and wavelength in nanometers (nm) on the x-axis. The line fluctuates, peaking around 2350 nm, with a shaded area indicating variance.]
Figure 1 | Mean of spectral absorbance values from the leaves of 339 randomly selected E. globulus trees from the study population. The mean and 95% confidence interval NIR spectral absorbance for all samples are colored in black and gray.




3.2 Foliar essential oil content, growth, and stem quality

Significant variations in foliar essential oil content and wood production-related traits were observed among the individuals. The essential oil content (oil yield) expressed as a percentage of mL of essential oil per g of leaf fresh weight (% v/fw) exhibited a range of 0.01-1.69 ± 0.001% v/fw (Supplementary Table S2), and the preliminary analysis of the main terpenes showed 8 major compounds, including 1,8-cineole, 1H-Cycloprop[e]azulene, α-Pinene, Globulol, α-Terpineol acetate, D-Limonene, Alloaromadendrene, and α-Gurjunene (Supplementary Figure S1). The quantitative traits related to wood production exhibited a range of variations, with values ranging from 3.6 to 18.0 m for TH, 4.3 to 22.7 cm for DBH, 0.60 to 1.77 m3 for VOL, and an index of 0.01 to 0.22 for SC (Supplementary Table S2).

The correlation analysis among quantitative traits indicated that essential oil content showed no significant correlation with any of the traits associated with wood production (Figure 2). This suggests that selection solely based on growth-related traits did not influence the essential oil content. Within the quantitative traits related to wood production, TH had a significant positive correlation with DBH (r=0.82) and VOL (r=0.86). Similarly, a significant positive correlation was observed between DBH and VOL (r=0.95). This coherence is expected, as the volume of a tree is inherently tied to its size, and DBH serves as a crucial measure of tree dimensions. A significant negative correlation was observed between SC and both DBH (r=-0.59) and VOL (r=-0.41), suggesting that with an increase in DBH (indicating greater thickness in relation to height), SC tends to decrease. Conversely, the categorical traits assessed (ST and BQ) exhibited a positive correlation (r=0.30), implying that, overall, trees with straighter stems tend to have branches of higher quality.

[image: Scatterplot matrix showing relationships between variables: Oil yield, TH, DBH, SC, and VOL. Diagonal displays histograms, off-diagonals show scatterplots with trendlines, and upper section includes correlation coefficients, with significant correlations marked by asterisks.]
Figure 2 | Pearson correlation coefficient between quantitative phenotypic traits of industrial interest assessed in the breeding population of E. globulus studied. The diagonal of the plot shows histograms and distributions of the observed phenotype values, while the lower off-diagonal displays scatter plots between the traits. Oil yield: essential oil content expressed as a percentage of mL of essential oil per g of leaf fresh weight (% v/fw); TH, tree height; DBH, diameter at breast height; SC, slenderness coefficient; VOL, stem volume. Significance levels of the correlation coefficients are indicated by *** for p<0.001.




3.3 Genomic and pedigree-based heritability of phenotypic traits

Table 1 presents heritability estimates for the essential oil content, stem quality, and growth-related traits in E. globulus trees, based on SNP markers and pedigree information. In this study, we found that genomic heritability values, as determined by SNPs, generally exceeded pedigree-based heritability. Genomic heritability ranged from 0.25 (for DBH and oil yield with Bayesian Ridge Regression) to as high as 0.71 (for DBH and ST with Bayes B), while pedigree-based heritability varied from 0.05 (for SC) to 0.88 (for BQ). Notably, oil yield was a moderately heritable trait, with genomic values spanning from 0.25 to 0.60, alongside a pedigree-based heritability estimate of 0.48. These findings underscore the substantial genetic variation present within the progeny trial for oil production.

Table 1 | Estimates of heritability based on SNP markers ([image: Mathematical expression showing "h" raised to the power of two-thirds.] ) and pedigree information ([image: Mathematical notation showing a lowercase letter "h" with a superscript "2" and a subscript "a".] ) for essential oil content, stem quality, and growth-related traits evaluated in 9-year-old E. globulus trees randomly selected from the study breeding population.


[image: Table comparing genetic trait components using different statistical models: Bayes A, Bayes B, Bayes C, BRR, and Pedigree. Traits include EO, TH, DBH, VOL, ST, BQ, and SC with parameters \( h^2_g, \sigma^2_g, \sigma^2_e \). Definitions: BRR is Bayesian Ridge Regression; \( \sigma^2_g \) and \( \sigma^2_e \) are genomic and residual variance components; EO is oil yield; TH is tree height; DBH is diameter at breast height; SC is slenderness coefficient; VOL is stem volume; BQ is branching quality; ST is stem straightness.]



3.4 Prediction accuracy based on uni/multi-trait and uni/multi-omic deep learning model

Table 2 shows the mean prediction accuracy estimates of the DL models (including CNN and MLP) for the quantitative traits under study (oil yield, TH, DBH, SC, and VOL), as well as categorical traits (BQ and ST), measured in E. globulus trees. The predictions were based upon different omics datasets (SNPs, haplotypes, and NIR spectral data) considering both Uni-trait and Multi-trait approaches. The Multi-trait approach consistently evidenced superior PA values for the majority of the analyzed traits. For instance, in the case of TH, the MLP model employing the Multi-trait approach with the “Haplotypes” dataset achieved the highest prediction accuracy (0.772), significantly outperforming the Uni-trait approach with the same omic dataset (0.588). Likewise, the MLP model employing a Multi-trait approach exhibited improved accuracy in predicting oil yield, achieving a PA value of 0.699 when utilizing the “SNPs+Haplotypes+NIR spectral absorbance” data. Additionally, the MLP model employing a Multi-trait approach exhibited improved accuracy in predicting SC, achieving a PA of 0.616 when utilizing the “Haplotypes+NIR spectral absorbance “ data. On the other hand, the CNN model with a multi-trait approach and complemented with the “NIR spectral absorbance” data achieved PA values of 0.745 and 0.757 for the prediction of DBH and stem volume, respectively. Similarly, for the prediction of ST, the CNN model with a Multi-trait approach achieved a PA of 0.764 using the “SNP” data. In contrast, the Uni-trait approach demonstrated superior accuracy exclusively for the BQ trait, with a PA of 0.86 using the CNN model and the “SNPs+Haplotypes+NIR spectral absorbance” data. Notably, this PA value was not significantly different from the PA value obtained with the Multi-trait approach using the same deep learning model and omic data set (0.84).

Table 2 | Mean of prediction accuracy estimates for Uni/Multi-trait and Uni/Multi-omic deep learning models assessed to predict phenotypic traits of industrial interest in E. globulus.


[image: A table comparing prediction accuracy (PA) for different omic-data sets across various traits. Traits are divided into quantitative (Oil yield, TH, DBH, SC, VOL) and categorical (BQ, ST). Models compared are CNN and MLP in uni-trait and multi-trait approaches. Bold values highlight the best PA for each trait. The footnote explains statistical significance indicators and differences denoted by letters and asterisks.]
The results of this study revealed that Multi-trait models, which combine SNPs, haplotypes, NIR spectral absorbance, or the combination of both omics data, consistently outperformed the Uni-trait approach in six out of seven traits (oil yield, TH, DBH, SC, VOL, and ST). In contrast, individual omics databases (not combined with other data) attained higher PA for the Multi-trait approach in four out of seven traits (TH, DBH, VOL, and ST). NIR spectral absorbance data, either alone or combined with other omics data, resulted in the highest PA estimates for a substantial majority of traits (71% of traits for Multi-trait and 57% of traits for Uni-trait). Furthermore, NIR spectral absorbance data were the best selection for the CNN or MLP models with a Multi-trait approach since in most of the traits evaluated (except for TH) no significant differences were observed between this data and those omics data or combinations that presented the best PA values. Interestingly, the “SNPs+Haplotypes+NIR spectral absorbance” dataset exhibited statistically significant differences from all other omics datasets, except NIR spectral absorbance alone. This suggests that both NIR spectral absorbance alone or in combination with other omics (SNP and haplotype datasets) may be valuable for enhancing essential oil content prediction within the Eucalyptus genus.

The statistical analysis revealed significant differences between the PA values of CNN and MLP models in multiple instances. These findings strongly suggest that the selection of the deep learning model can have a substantial impact on prediction accuracy, contingent upon both the omic data set and the approach utilized. This highlights the importance of considering the specific traits of Eucalyptus species when selecting the most appropriate model.





4 Discussion

While our study successfully applied deep learning models to predict traits of industrial interest, it did not delve into the identification of genetic variants associated with specific phenotypic traits. Instead, we focused on leveraging genomic selection to enhance the accuracy of predicting complex traits based on genomic and phenomic data. This approach is instrumental in breeding programs as it facilitates the early identification of superior individuals by predicting desirable phenotypic traits. By improving the precision of these predictions, we can accelerate the breeding process, enhance selection accuracy, and manage large populations more efficiently. Additionally, it aids in better managing genetic diversity, integrating multiple traits, simulating various breeding scenarios, and predicting trait evolution within the population (Grattapaglia, 2017).

In practical breeding programs, our predictions can be utilized to select traits such as essential oil content, wood quality, and adaptability to climate change. For instance, accurate predictions of branching quality and growth traits can guide the selection of individuals who will likely produce higher-quality wood or more resilient trees. This is particularly relevant in addressing challenges such as the demand for high-quality wood and essential oils, as well as ensuring sustainability in forest production. Our findings are consistent with previous research highlighting the role of genomic selection in advancing the genetic enhancement of Eucalyptus and other species (Myburg et al., 2014; Ballesta et al., 2018, Ballesta et al., 2019, Ballesta et al., 2022; Mora-Poblete et al., 2021; Mora-Poblete et al., 2024).



4.1 Predicting traits in Eucalyptus using NIR spectral data

In E. globulus and other Eucalyptus species of forestry interest, phenomic tools such as NIR spectroscopy have been employed to predict wood chemical properties, including lignin content (total, insoluble, and soluble), syringyl-guaiacyl ratio, and the content of different monosaccharides. These predictions contribute significantly to the classification of species, families, and clones, as highlighted by Hodge et al. (2018). Furthermore, it has been described that different leaf spectral reflectance indexes that include NIR data have provided information on several physiological traits of agronomic interest traits in Eucalyptus and other species (Lobos and Poblete-Echeverría, 2017; Ballesta et al., 2022). Our findings indicated that the NIR spectra were similar to previous reports illustrating a distinctive spectral signature of E. globulus leaves characterized by four main peaks: between 1300-1500 nm, 1650-1800 nm, 1850-2000 nm, and 2200-2400 nm (Wilson et al., 2001; Castillo et al., 2008). Furthermore, NIR spectral peaks within the ranges of 1650-1800 nm and 2200-2400 nm have been reported to be associated with essential oil and 1,8-cineole content (Wilson et al., 2001). Similarly, the association between leaf NIR spectral data and foliar essential oil content has been previously utilized to differentiate E. globulus, E. nitens, and their hybrid F1 (Humphreys et al., 2008). Our study considered DL models that used the full foliar NIR spectra (900-2500 nm) as phenomic data for the prediction of traits associated with wood and essential oil content. Recently, Ballesta et al. (2022) proposed the use of the full foliar NIR spectral data to improve genomic prediction of other secondary metabolites such as cyanogenic glycosides content in E. cladocalyx. Moreover, in individuals of E. cladocalyx, it has been emphasized that the use of foliar NIR spectral data together with DL models improves the ability to discriminate and assign individuals to specific subpopulations (genetic structure), facilitating the implementation and application of population structure studies on a large scale (Maldonado et al., 2022).




4.2 Essential oil content variation in breeding population of E. globulus

Understanding the genetic basis of essential oil production in E. globulus is crucial for optimizing breeding strategies in this economically important species. In this study, the observed difference between genomic and pedigree-based heritability highlights the importance of leveraging genomic data to accurately quantify genetic contributions to complex traits, an issue emphasized by Ballesta et al. (2020). The observed moderate-to-high heritability of essential oil content suggests that genetic factors play a substantial role in determining essential oil yields in E. globulus. This substantial genetic variation within the breeding population underscores the importance of further exploration into the underlying genetic mechanisms and environmental factors influencing this trait. The observed variation in essential oil content is consistent with previous findings for E. globulus, with studies reporting yield ranges of 0.80-2.10% v/fw in Ethiopia (Subramanian et al., 2012; Kassahun and Feleke, 2019), 1.31 ± 0.14% v/fw in Argentina (Russo et al., 2015), 2.12% v/fw in Morocco (Zrira et al., 1992), 1.70-2.20% v/fw in Portugal (Silvestre et al., 1997), 2.20% v/fw in Vietnam (Ngo et al., 2020), and 2.50% v/fw in Algeria (Daroui-Mokaddem et al., 2010). The difference in essential oil content (% v/fw) between E. globulus individuals from different regions of the world is because this trait depends upon variations in complex quantitative traits such as foliar oil concentration, foliar biomass, and environmental adaptability (Kainer et al., 2015). This is consistent with our correlation results between quantitative traits, which indicated that essential oil content has no significant correlation with stem quality or growth-related traits.




4.3 Improving the prediction accuracy of foliar essential oil content, growth, and stem quality in E. globulus using multi-trait deep learning models

The results showed that the PA values depended on the DL models (CNN and MLP), the type of approach (Uni-trait and Multi-trait), and the omic data set (SNPs, haplotypes, NIR spectral absorption, or the combination of these omic data). Previous studies have shown that different DL model architectures could have a significant impact on prediction accuracy in Eucalyptus (Maldonado et al., 2020). Therefore, it is important to take these considerations into account when implementing DL models for phenotypic trait prediction in E. globulus. Our results demonstrate that DL models that integrate phenotypic traits in Multi-trait approach increase prediction accuracy compared to Uni-trait approach. In this sense, 86% of traits showed the highest PA values in the Multi-trait approach. Among these, 83% had significantly greater efficiencies compared to their Uni-train counterparts. Several studies have reported that the Multi-trait approach generally offers better prediction accuracy compared to the Uni-trait approach, particularly when the evaluated traits are correlated (Sandhu et al., 2022; Mora-Poblete et al., 2023). This observation aligns with our results, as the highest PA values for the Multi-trait approach were associated with quantitative traits that exhibited positive correlations, such as TH, DBH, SC, and VOL (Figure 2). In contrast, the Uni-trait approach demonstrated high PA values for traits with low or no correlation with other evaluated traits, such as oil yield, BQ, and ST. Notably, BQ showed the highest PA value using the Uni-trait approach, though there were no significant differences compared to the PA value obtained with the Multi-trait approach using the same deep learning model and omics data set.

Branching quality exhibited higher heritability across most models used, including Bayes A and Bayesian Ridge Regression (BRR) based on genomic data, as well as models based on pedigree. As expected, traits with high heritability, such as branching quality, show greater prediction accuracies compared to traits with lower heritability. This pattern is supported by similar findings in the literature, which consistently demonstrate a strong relationship between prediction accuracy and trait heritability (Kaler et al., 2022; Cui et al., 2020). Our results underscore the importance of considering heritability when evaluating the precision of predictive models, highlighting the benefits of a Multi-trait approach for traits with positive correlations and the utility of the Uni-trait approach for less correlated traits. These findings reinforce previous research that has shown the advantages of evaluating multiple phenotypic traits simultaneously for predicting complex traits in plants, including Eucalyptus (Maldonado et al., 2020; Mora-Poblete et al., 2023).

To the best of our knowledge, this work represents a pioneering effort in employing DL models to improve the prediction accuracy of traits associated with essential oil content in the genus Eucalyptus. Previously, Kainer et al. (2018) assessed the predictive accuracy of genomic models of the foliar terpene traits, including total leaf oil concentration in E. polybractea employing different methodologies such as traditional pedigree-based Additive Best Linear Unbiased Prediction (ABLUP), Genomic BLUP (GBLUP), Bayes B genomic prediction model, and a form of GBLUP based on weighting markers according to their influence on traits (BLUP|GA). Their findings indicated that the predictive performance varied across different terpene traits. Interestingly, they reported that the predictive ability was higher with Bayes B and BLUP|GA for individual terpene traits, such as α-pinene and 1,8-cineole concentration, with values of 0.59 and 0.73, respectively. The Bayes B method assumes that each marker has its own variance, and the phenotypic variance is explained by loci with effects of different magnitudes (Wang et al., 2018). For aggregate traits such as total leaf oil concentration, the study of Kainer et al. (2018) found that the predictive value was comparatively lower (0.38). Our results indicate that the MLP model with a Multi-trait approach and utilizing the combined “SNPs+Haplotypes+NIR spectral absorbance” dataset presented superior predictive values (0.699) for the essential oil content.

Although the comparison of prediction values may be biased due to the differing omics datasets used in Bayesian models from previous studies, our findings are consistent with those of Mora-Poblete et al. (2023), who observed that Multi-trait deep learning models surpassed Bayesian and GBLUP predictive models in both capturing genetic variation and prediction accuracy. Regarding growth-related traits and stem quality, our DL models (including CNN and MLP) exhibited higher PA values for traits such as ST, DBH, TH, and BQ compared to previous evaluations of the progeny trial. For instance, Ballesta et al. (2019) used Bayesian genomic models (BA, BB, BC, BL, BRR) incorporating the effects of haplotypes and SNPs to predict quantitative wood-related traits, reporting PA values of 0.580, 0.460, 0.440, and 0.330 for ST, DBH, TH, and BQ, respectively. Maldonado et al. (2020) employed DL techniques, specifically Long Short-Term Memory Network (LSTM) and Bayesian Regularized Neural Network (BRNN) models, focusing solely on the effects of SNPs in E. globulus. Their study revealed that the DL model, particularly the LSTM variant, achieved the highest PA values (0.460 to 0.557), demonstrating the superior performance of DL methods in predicting wood-related traits in E. globulus compared to traditional approaches. This underscores the potential of DL techniques in enhancing the accuracy of genetic prediction models for complex quantitative traits, thereby facilitating more efficient breeding strategies in forestry applications. Deep learning has become a powerful tool across various scientific domains, offering innovative approaches to tackle complex problems. For instance, it has been utilized to enhance the prediction of industrial yield phenotypes in trees (Maldonado et al., 2020), classify proteins based on sequence data (Kha et al., 2022), and develop diagnostic and treatment strategies for cancer patients (Tran et al., 2024). Deep learning models, as end-to-end systems, are capable of processing high-dimensional raw input data, enabling superior feature extraction and learning capabilities compared to traditional methods (Tran et al., 2024). This allows deep learning models to excel in handling high-dimensional omics data, producing more robust and accurate predictive results than conventional machine learning approaches. Our findings corroborate the superiority of Multi-trait models in terms of prediction accuracy, as demonstrated even for uncorrelated traits (Mora-Poblete et al., 2023). These results could be attributed to the ability of deep learning to capture intricate interactions within its hidden layers, eliminating the need for explicit covariate specification (Montesinos-López et al., 2018; Mora-Poblete et al., 2023). Interestingly, NIR spectral data consistently yielded the highest average prediction accuracy across traits in the Multi-trait approach. This finding is consistent with other studies in which NIR spectral absorbance increased the accuracy of predicting various traits in Eucalyptus (Mora-Poblete et al., 2021; Ballesta et al., 2022; Mora-Poblete et al., 2024). Additionally, this result aligns with Rincent et al. (2018), who employed NIR reflectance as a method to indirectly capture endophenotypic variants and compute relationship matrices for predicting complex traits in breeding populations, demonstrating its effectiveness in prediction models.

The success of deep learning in predicting Eucalyptus traits suggests its potential applicability to other forest tree species. Additionally, it highlights the potential of NIR spectral information as a low-cost phenotyping tool (Rincent et al., 2018) that enables the acquisition of omics data on a large scale and improves the prediction accuracy of various traits of industrial interest. Furthermore, this study represents a pioneering effort in experimentally testing deep learning models trained on multi-omics datasets that combine genomic information (SNPs and Haplotypes) with NIR spectral absorbance for phenotypic trait prediction. We propose this innovative approach as a valuable complement to traditional methods of genomic and phenomic prediction.





5 Conclusion

Accurate prediction of industrial traits in Eucalyptus species is crucial for selecting desirable genotypes and advancing genetic improvement. Our results demonstrate that Deep Learning models (CNN and MLP), incorporating a Multi-trait approach and NIR spectral absorbance, can significantly improve prediction accuracy within tree breeding programs. This has the potential not only to facilitate the production of genetically improved seeds and individuals of E. globulus with enhanced growth traits and stem quality but also to improve the traits related to essential oil content, a key non-timber forest product. This, in turn, promotes sustainable production and consumption across various industrial applications. The insights and findings from this research significantly contribute to understanding omics-assisted deep learning models as a breeding strategy to improve traits of industrial interest in Eucalyptus globulus, such as wood and essential oil production. These advancements not only foster progress in the field of plant science but also enable more efficient and targeted breeding efforts, ultimately driving innovation and sustainability in Eucalyptus plantations.
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Leaf disease detection is critical in agriculture, as it directly impacts crop health, yield, and quality. Early and accurate detection of leaf diseases can prevent the spread of infections, reduce the need for chemical treatments, and minimize crop losses. This not only ensures food security but also supports sustainable farming practices. Effective leaf disease detection systems empower farmers with the knowledge to take timely actions, leading to healthier crops and more efficient resource management. In an era of increasing global food demand and environmental challenges, advanced leaf disease detection technologies are indispensable for modern agriculture. This study presents an innovative approach for detecting pepper bell leaf disease using an ANFIS Fuzzy convolutional neural network (CNN) integrated with local binary pattern (LBP) features. Experiments involve using the models without LBP, as well as, with LBP features. For both sets of experiments, the proposed ANFIS CNN model performs superbly. It shows an accuracy score of 0.8478 without using LBP features while its precision, recall, and F1 scores are 0.8959, 0.9045, and 0.8953, respectively. Incorporating LBP features, the proposed model achieved exceptional performance, with accuracy, precision, recall, and an F1 score of higher than 99%. Comprehensive comparisons with state-of-the-art techniques further highlight the superiority of the proposed method. Additionally, cross-validation was applied to ensure the robustness and reliability of the results. This approach demonstrates a significant advancement in agricultural disease detection, promising enhanced accuracy and efficiency in real-world applications.
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1 Introduction


Plant leaf diseases pose a significant threat to global agriculture, affecting crop yields and quality. Common diseases include fungal infections (e.g., powdery mildew, rust), bacterial diseases (e.g., bacterial blight), and viral infections (e.g., mosaic virus). Early and accurate detection of these diseases is crucial for effective management and to minimize economic losses. Historically, disease detection relied on manual inspection by farmers or experts, which is labor-intensive and prone to human error. This approach also limits the ability to scale disease monitoring over large areas. Traditional laboratory methods, such as microscopy and culture tests, offer more accuracy but are time-consuming and require specialized equipment. Recent advancements in remote sensing and machine learning (ML) have revolutionized plant disease detection. Technologies such as hyperspectral imaging, drones, and satellite imagery enable the non-invasive monitoring of crops over large areas. These tools capture data on various spectral bands, which can be analyzed to identify stress or disease symptoms that are not visible to the naked eye. The pathogens are found to be the causal agents of these diseases and infections, which comprise parasitic plants, viruses and viroids, bacteria, and fungi. Pathogens are infectious organisms leading to plant diseases. Aside from this, there are other plant-feeding organisms such as vermin, insects, mites, and other microbes that aggravate plant health issues. Some bacteria cause diseases that injure plants, however, the majority of bacteria are benign and saprotrophic Das et al. (2020). An illustration of known bacteria that cause diseases in plants are Phytoplasmas and Spiroplasmas.


Agriculture is the backbone of the world’s economy, not only because it is the primary source of food only, but also because of industrial raw materials Tichkule and Gawali (2016); Jamil et al. (2022). Agriculture and planting are expedient factors in our survival, as they are used to provide oxygen and food. Simultaneously, practical approaches have been implemented in better production of crops and increasing their fighting capacity against diseases and pests. Diseases that infect plants affect all animals, relying on plants in a variety of ways, either directly or indirectly Bharali et al. (2019). Any portion of the plant, including the roots, stems, branches, and leaves, can be impacted by plant diseases. Additionally, different causative organisms cause different plant diseases, some are caused by bacteria, others by fungi, and others by viruses Husin et al. (2012). Climate change favors the spread of diseases in crops. Crop diseases are misidentified, hence negatively affecting the yield of such crops. Plant diseases can be divided into two significant groups: abiotic and biotic Balakrishna and Moparthi (2020). The former, abiotic diseases, are generally brought about by non-living aspects of an environment, for example, meteorological factors such as weather, temperature, humidity, and some specific chemicals. On the other hand, the latter is caused by living elements of an ecosystem, for example, fungi, bacteria, viruses, and other organisms. Point spread of various pathological diseases and pests, including invasive ones, is among the most disastrous issues of modern agriculture Elad and Pertot (2014); Meng et al. (2023). Concerning these issues, it is reasonably required to monitor plant diseases and pests promptly. Techniques for remote sensing have a lot of promise for solving these problems Mahlein et al. (2018).


This indicates that passive and active remote sensing technologies are the two types. The latter includes LiDAR and radar, but the former includes only the so-called optical Kim et al. (2024, Kim et al., 2021). Depending on the sensors’ spectral resolution, two categories of passive optical remote sensing can typically be distinguished: multispectral and hyperspectral Jensen (2006). Among passive remote sensing methods, hyperspectral sensing has vast potential as a device that measures reflected sun radiation to track biotic and abiotic plant stress in a non-invasive, non-destructive manner Jones and Vaughan (2010). This is a technique for collecting and storing information from an object’s spectroscopy in a third-dimensional spectral cube containing hundreds of consecutive wavelengths and spatial data. Hyperspectral imaging widely allows for the opportunities to detect an early sign of the disease by providing preliminary indicators in the form of minute variations in spectrum reflectance brought on by reflection or absorption. Since hyperspectral photos provide a very comprehensive spectral profile thanks to their hundreds of spectral bands, they are highly useful for identifying even the smallest differences in soil, canopies, or even leaves. In this sense, hyperspectral imaging may be applied to new problems about the precise and prompt assessment of crops’ physiological status. It may help in early detection of disease spread and pest incidence, which might prevent heavy crop loss, reduce usage of pesticides, and minimize negative impacts on the environment and human health, hence improving the current status of integrated pest management (IPM) practices Lucieer et al. (2014); Gonzalez-Dugo et al. (2015).


Recently, a variety of small hyperspectral sensors have been created for usage in commercial settings, including FireflEYE, VNIR HySpex, and Micro-Nano-Hyperspec Adao et al. (2017). The above-listed sensors could be installed on manned and unmanned aerial vehicles (UAVs), helicopters, and airplanes, among other platforms, to obtain hyperspectral imaging for a range of monitoring tasks Metternicht (2003); Schell and Deering (1973). There are several varieties of hyperspectral cameras, such as whisk-broom, push-broom, and snapshot cameras. Currently, the use of mobile phone cameras is being widely utilized to capture earth observation data.

Accurate and timely identification of plant diseases represents a significant challenge to agricultural experts and farmers. Recent changes in digital image processing present a practical and effective solution for diagnosing and classifying disease symptoms for better yield Kumar and Raghavendra (2019); Islam et al. (2024). Artificial methods with remote sensing data may soon help increase crop yields with the early identification of diseases affecting plant leaves, curtailing the entrance of disease to other nearby crops. Even at an early stage, computerized image processing techniques can identify the disease and reduce its potential to affect the entire crop Devaraj et al. (2019). In the long term, the proposed work will help establish timely disease detection thereby improving crop yield and food supply. The PlantVillage dataset, a common collection of leaf photos taken in fields, served as the study’s dataset Rajasekaran et al. (2020); Zhang et al. (2023). The primary objective is to develop a system that uses Earth observation data to categorize leaves as healthy or unhealthy automatically. The contributions to be achieved in this study can be summarized as follows:


	
This research proposes a novel framework that uses local binary pattern features (LBP) with ANFIS Fuzzy customized convolutional neural network (called PlantNet) for giving a high accuracy rate in the classification between healthy and bacterial-infected using plant leaf images of pepper bell.


	
LBP features greatly reduce the computational complexity overhead while ANFIS Fuzzy customized CNN performs well for the infected regions portion detection and classification.


	
To evaluate the performance of PlantNet, the Plant Village benchmark dataset is utilized and performance is compared with four ML and four deep learning (DL) models.


	
The PlantNet performance is precisely compared with previously published research works that successfully affirm the superiority of PlantNet. The results of PlantNet are further generalized using cross-validation techniques.





This research is structured as follows: Section 2 discusses previously published studies carried out in this field, and Section 3 outlines the suggested methodology. It also contains preprocessing procedures and a model description. The evaluation of the suggested approach is the focus of Section 4, which is followed by a discussion of experimental findings. The conclusion is given in Section 5.






2 Related work


This section offers an overview of many cutting-edge approaches that have been utilized in the past to identify pepper bell plant leaf diseases. In previous years, pre-processing methods have been used on several plant leaf photos to accurately identify the various plant diseases. Most of the studies mainly utilized refining and polishing image processing filters to improve the picture quality. Other filters have also been adopted to remove additive noise in these images. A deep CNN powered by Bayesian learning was proposed by Sachdeva et al. (2021) as a means of automatically identifying plant leaf diseases. Images of potato, tomato, and pepper bell leaves were used in their investigation. With 98.9% accuracy, the prototype design featured several hierarchical tiers cooperating inside a Bayesian framework. To categorize pepper leaf illnesses, In this line, the authors proposed a transfer learning (TL) model Zeng et al. (2021). They solely employed the MobileNetV2 model in this instance. According to the experimental findings, the accuracy of the MobileNetV2-based TL model was 99.55%.


The study by Devi and Amarendra (2021) developed an automatic classification approach for bell pepper plant leaf diseases using ML. The HGB algorithm with multiple feature extraction techniques was proposed by the authors, who also employed several ML models. According to their findings, bell pepper leaf illnesses could be classified with an output of 89.11% using the combination of HGB classification and the features of the images’ LBP and fused histogram of oriented gradients (HoG). When Mohanty et al. (2016) tested their TL models to identify leaf diseases in a variety of plants, they found that the GoogLeNet and AlexNet TL models had train-test split model classification accuracy of 80:20 and 70:30, respectively. In comparison, the current study achieved a 99.34% validation accuracy with the GoogLeNet 80:20 train-test split model.



Smith et al. (2023) discusses precision agriculture technologies that leverage remote sensing and TL techniques. The authors highlight the significant advantages of integrating TL with remote sensing data to improve crop monitoring, yield prediction, and disease detection. By utilizing pre-trained models on large datasets and fine-tuning them with agricultural-specific data, the studies reviewed demonstrate enhanced performance in various agricultural tasks. The authors also discuss the limitations of TL in this domain, such as the requirement of high-quality labeled datasets and the potential for overfitting. Overall, the review provides valuable insights into the advancements and challenges in the application of TL and remote sensing in precision agriculture. In a review paper by Johnson et al. (2023), the authors focus on the applications of DL and TL in remote sensing for crop management in precision agriculture. The authors explore various DL architectures, such as convolutional neural networks (CNNs) and RNNs, which have been successfully applied to analyze remote sensing data for tasks like crop classification, disease detection, and soil moisture estimation. The use of TL in these applications is particularly highlighted as a means to reduce training time and improve model accuracy by leveraging knowledge from models pre-trained on non-agricultural datasets. The paper also addresses the challenges of implementing these techniques, including the need for large and diverse datasets, and the potential biases introduced by TL from non-agricultural domains.


The integration of remote sensing and TL techniques to enhance precision agriculture was examined in research by Chen et al. (2024); Williams et al. (2024). They discuss various case studies where remote sensing data, combined with TL approaches, have been used to improve the accuracy of agricultural applications such as weed detection, yield estimation, and crop health monitoring. The authors highlight the benefits of using TL to adapt models trained on other domains to agricultural tasks, thereby saving time and resources. They also identify several challenges, such as the need for domain adaptation techniques and the potential for reduced accuracy when models are transferred across significantly different domains. The review concludes with a discussion of future research directions and the potential of emerging technologies to further advance precision agriculture. Hoque et al. (2024) incorporates meteorological data and pesticide information in order to predict crop yield. The authors perform experiments involving several ML models with gradient gradient-boosting model yielding the best results.



Lei et al. (2021) attempted to derive five vegetation indices from the multispectral UAV-acquired data and high-resolution UAV remote sensing images; this included the leaf chlorophyll index, the green normalized difference vegetation index, the normalized difference red-edge index, the optimal soil adjusted vegetation index, and the normalized difference vegetation index. To achieve this, five distinct algorithms are used on the data. The test set classification accuracy obtained from these classification algorithms through experiments resulted in 86.57% using BPNN.



Sharma et al. (2022) suggested plant disease diagnosis and image classification concerning rice and potato plants. They developed a CNN model for classifying diseases in rice and potato plant leaves. It can identify diseases including brown spot, blast, bacterial blight, and tungro in rice leaves, and it can categorize photos of potato leaves into three groups: illnesses of early and late blight, and healthy leaves. The proposed CNN model learned the hidden patterns from raw images to classify rice images with an accuracy of 99.58% and potato leaves with 97.66%. Shrivastava et al. (2019) presented an image-based machine-learning approach for the detection and classification of plant diseases, focusing on rice plant (Oryza sativa) diseases. Images of symptoms in leaves and stems due to those diseases were captured from rice fields. They extracted features through AlexNet and performed the classification through SVM. The result showed an Accuracy score of 91.37% the highest for their proposed system.


Plant diseases were recognized by Kaushik et al. (2022) for identifying diseases and preventing economic damage to farmers. The authors developed a DL system comprising the faster region-based CNN, region-based CNN fully, and R-CNN known as SSD for image recognition, and finally, the single-shot multi-box detector. The proposed technique copes with complex scenarios and efficiently identifies various diseases since they have managed to come up with a maximum accuracy of 94.6%. Xu et al. (2022); Mputu et al. (2024) proposes a new way to sort and grade the quality of tomatoes. This method is designed for feature extraction by pre-trained CNNs, belonging to a hybrid model because it combines the basic framework of the ML algorithm for classification. With Inception-V3 serving as the feature extractor, the CNN-SVM achieved the best performance suggested, accepting ripe, unripe, and rejecting tomatoes with an accuracy of 97.50% for the binary classification. Texture classification and analysis utilize LBP. LBP views the image in a localized way by looking at the relationships of the target pixel with its neighbors. It boosts accuracy, especially in small sizes of datasets and for the diversity of growth conditions. A summary of the above-discussed literature is given in 
Table 1
.


Table 1 | 
Summary of previous research works.




[image: Table displaying various studies with columns for reference, classifiers, dataset, and performance. Studies include Sachdeva et al. (2021) using Optimized CNN on the Plant Village dataset with 98.9% performance, and others like Zeng et al. (2021) with MobileNetV2 at 99.55%, and Mohanty et al. (2016) with GoogleNet and AlexNet at 99.34%. Diverse classifiers and datasets are used, showing varying performance percentages.]





3 Materials and methods


This section discusses ML and DL learning models along with the dataset utilized for the detection of leaf disease in plants. This section also describes about parameters used to assess the models’ performance and the suggested technique. The proposed methodology adopted in this study is shown in 
Figure 1
.


[image: Flowchart depicting a machine learning process using the Plant Village Dataset. The steps include LBP Feature Engineering, data splitting into testing and training sets, with training involving five-fold cross-validation. A Fuzzy CNN generates a trained model which undergoes AFNIS Fuzzy Logic analysis. Results are shown in a confusion matrix, comparing predicted and actual labels, with categories marked as true or false.]
Figure 1 | 
Proposed methodology diagram of Fuzzy-CNN model.







3.1 Datasets description


The plant leaf disease dataset was taken from Kaggle, one of the top resources for research datasets. This specific dataset contains 2,475 images that are targeted for the pepper bell Tejaswi (2020). The actual labels are the images of leaves infected by bacteria and the healthy ones; they are two in number. This dataset comprises 1,478 images of healthy leaves and 979 images of infected leaves. The direct access link for the dataset is https://www.kaggle.com/datasets/arjuntejaswi/plant-village.






3.2 Local binary patterns


The LBP is a rather extensively used area in computer vision for texture analysis and classification.


LBP does not try to process the complete image but instead focuses on those areas that are localized by examining neighboring relationships between pixels Rosdi et al. (2011); Sun et al. (2023). Every pixel in an image considers a different set of neighborhoods. Comparisons within this testimonials scheme in the surrounding pixels are done concerning their intensity levels with the considered pixel and a central pixel. If the intensity in the neighboring pixel intensity is superior or equal to that in the central pixel, then it assigns one since it can be considered as a contrast in intensities. Therefore, for any region, a binary pattern is formed in which a value of zero is said to be the case if the intensity of the surrounding pixel is lower than that of the core pixel. Consequently, texture information from a region is contained in the decimal number that results from converting the binary pattern. Consequently, the LBP values’ histogram offers a simple textural representation of the information in a picture.


LBP offers substantial advantages for numerous applications, comprising, among many other things, object identification, face recognition, and texture classification. The robustness against changes in illumination enhances its effectiveness in scenarios where the light may vary. It has been further extended and modified in various ways, such as Uniform LBP, Rotation-Invariant LBP, and variations for multi-scale and multi-block LBP. It is easily understood by anyone that, being a texture descriptor, LBP is robust, whereas its performance is dependent on the application and dataset it uses. Also, pre-processing is carried out by normalizing the data and ensuring all images are converted to a standardized size of 230 × 230 pixels.






3.3 ML and DL learning models


ML is notable for supporting improvement in the accuracy and efficiency of disease diagnosis. There are various ML techniques, the most common being the Python package of Scikit-learn, which is highly used, open-source, and supported by a vast number of its users. We run this study with a variety of benchmark classifiers, including LR, RF, SVM, ETC, VGG19, EfficientNetB4, InceptionV3, and MobileNet, ResNet, in addition to the proposed ANFISFuzzyCNN. The following values are adopted for these models.





3.3.1 Logistic-regression


In the realm of ML applications for plant leaf disease detection, LR serves as a valuable tool due to its simplicity, interpretability, and effectiveness in binary classification tasks Kleinbaum et al. (2002). Unlike its name implies, LR is adept at predicting binary outcomes by modeling the probability of an event (such as leaf disease presence) based on input features extracted from leaf images. This technique comes in very handy in analyzing different visual characteristics of leaves, such as color, texture, and shape, which can indicate the presence of disease. LR works by fitting a logistic function to the input features, mapping them linearly to output probabilities between 0 and 1. This allows for ease in interpretability of the coefficients, one gets an idea of how each feature contributes to the likelihood of disease while improving computational efficiency and scaling LR, as often large datasets are encountered in agricultural studies. Moreover, to guarantee robust performance on unseen data, LR can be regularized to prevent overfitting and, hence improve its generalization. This limits the power in the capturing of complex, nonlinear patterns in data as opposed to more sophisticated models. At the same time, the practical advantages of LR make it quite suitable for preliminary exploration into plant disease detection.






3.3.2 Random forest


The RF model is a tremendous all-powerful tool used to detect plant leaf diseases using ML Breiman (2001). In general, the working principle of the RF algorithm is the aggregation of multiple decision trees built during the training process, which predicts the model’s output to improve accuracy and reliability. RF does an excellent job handling complex interactions between high-dimensional features extracted from an image of the leaf, including color, texture, and shape descriptors. Ensemble methods used by itself help to reduce overfitting. It also provides insight into feature importance, which is handy in knowing the critical markers through which the disease can be detected. Despite being a bit sensitive to the tuning of its various parameters, the capability of RF to capture complex patterns makes it very useful for applied agricultural research in enhancing crop health and management against diseases.






3.3.3 Support vector machines


SVM is another activity of the more influential supervised learning models for classifying plant leaf diseases Genitha et al. (2019). SVM essentially works by finding the ideal feature space hyperplane that maximally separates the different classes. The concept not only made binary classification very effective but also easily placed into multi-class cases with methods such as one-vs-rest or one-vs-one classification. One of the main advantages of kernel functions in SVMs is that they make the technique very effective in nonlinear relationships between features and classes. Thus, due to the possibility of processing high-dimensional spaces of features, together with complex nonlinear relationships, SVMs are much preferred for the robust and accurate classification of plant diseases based on diverse features derived from images.






3.3.4 Extra trees classifier


ETC is a meta estimator that considers the problem as a whole and, during training, creates many decision trees before presenting the mean forecast in the case of regression or the class mode in the case of classification Geurts et al. (2006). It is similar to RF but differs in how it selects splits at each node. ETC randomly selects splits, rather than searching for the best split like in traditional decision trees or RF, which can lead to faster training times. This approach can sometimes improve performance by introducing more randomness into the model, though it may also increase variance. ETC is useful in scenarios where computational efficiency is critical or where a higher level of randomness in model predictions is desired to prevent overfitting.






3.3.5 Visual geometry group


VGG19 is a CNN architecture that achieves excellent performance for several image-processing assignments Younis et al. (2022). It has been developed by the Visual Geometry Group of Oxford University and contains 19 layers: 3 fully connected and 16 convolutional. VGG19 has an architectural design that stacks multiple layers of the pattern of convolution sizes with a stride of 3 × 3 before every application of this construct, with max pooling applied using a window of size 2 × 2 and stride 2. Such a structure helps VGG19 to capture the progressively complex features of an image. The cross-entropy loss criterion and optimization, which responds to iterations using stochastic gradient descent, comprise up’s general training setting of VGG19. VGG19 can thus be very easily interpreted and directly transferred to learning as well, given its absolute simplicity and uniform architecture. Correspondingly, the depth of the VGG19 architecture is the primary determinant of computational and memory consumption.






3.3.6 EfficientNetB4


CNN-based EfficientNetB4 architecture is well-known for its effectiveness and exceptional performance in image recognition applications Wang et al. (2021). It belongs to the EfficientNet family, which systematically scales up the model’s depth, width, and resolution to achieve better accuracy without significantly increasing computational cost. In particular, EfficientNetB4 finds a balance between model accuracy and size, which makes it appropriate for a range of applications, including plant leaf disease detection using ML. By leveraging compound scaling and efficient building blocks, EfficientNetB4 optimizes both parameter efficiency and computational efficiency, keeping it competitively performant and well-suited for deployment on devices with limited resources in complex visual recognition tasks.






3.3.7 InceptionV3


InceptionV3 is a frequently applied model in the CNNs for problems connected with image recognition. After being trained on the ImageNet dataset, it offers nearly all benchmarks with respectable accuracy Mujahid et al. (2022). Because of the several parallel layers of convolutional, pooling, and activation functions in its design, as well as inception modules, the network can learn diverse feature maps at varying sizes. Additionally, factorized 1 × 1 convolution and batch normalization have been included to minimize parameter sizes and improve training effectiveness. Besides being deep and computationally expensive, InceptionV3 is designed to be adaptable to other tasks and datasets; hence, It is appropriate for learning transfers. However, training and deployment can require a lot of memory and be computationally demanding.






3.3.8 MobileNet


MobileNet is a unique design of CNN created for two primary reasons. First, for mobile phones, which have little processing power, and second, for embedded devices Ahsan et al. (2021). This balanced between the size of an accurate model and the accuracy. Depthwise Convolution applies a single filter to each input channel; this is the primary innovation of MobileNet. Depthwise Separable Convolutions essentially split standard convolutions into pointwise and depthwise convolutions. Then, pointwise convolution applies a 1 × 1 convolution to combine the results of the depthwise convolution. This separation greatly reduces computation and saves a great deal in model size compared to traditional convolution. For this reason alone, MobileNet is efficient in architecture with reasonable accuracy. There are several versions of MobileNet, MobileNetV1, MobileNetV2, and MobileNetV3, each of which provides a different set of improvements and optimizations over the previous one. These make the architecture efficient with much better performance. MobileNet has become popular on mobile and embedded devices in many computer vision applications, Examples include object identification, image categorization, and semantic segmentation.






3.3.9 ResNet


ResNet, or Residual Network, is among the pioneering deep neural network architectures that revolutionized the scene within the domain of computer vision Fulton et al. (2019). The Microsoft Research team proposed residual learning to make the training of intense networks easier by residual connections through skip connections or shortcuts bypassing a few layers. These classes of shortcuts allow the gradient to flow more directly in backpropagation, and this alleviates the vanishing gradient problem, which enables models in ResNet to train efficiently with hundreds of layers. With such depth, ResNet can learn intricate features and patterns in data, hence providing state-of-the-art performance on a wide range of recognition tasks, including plant leaf disease classification. The relatively simple architectural backbone of ResNet and its effectiveness in learning complex representations have been the bedrock of DL research and applications.







3.4 Proposed approach ANFISFuzzyCNN for plant leaf disease detection


In this paper, ANFIS-Fuzzy-CNN represents a hybrid model proposed for the effective classification of plant diseases. This approach combines adaptive learning capabilities through fuzzy neural networks with the DL power of CNNs to enhance accuracy and robustness in agriculture-related disease classification systems. The complete details of the hyperparameters of the proposed model are shown in 
Table 2
. The pseudo-algorithm of the proposed model is shared in 
Algorithm 1
.


Table 2 | 
Hyperparameter for the proposed model “ANFIS Fuzzy CNN”.




[image: Table listing hyperparameters for a neural network. The input shape is 224 by 224 by 3. There are three convolutional layers with filters [32, 64, 128], a kernel size of 3x3, ReLU activation, two pooling layers with max pooling, and a pooling size of 2x2. A Gaussian fuzzy layer is used. The dropout rate is 0.5, batch size is 32, number of epochs is 50, optimizer is Adam with a learning rate of 0.001, and the loss function is categorical crossentropy.]

Neuro-fuzzy is another hybrid approach targeting the combination of Fuzzy logic and neural networks to solve most real-world problems efficiently Jang (1993). In a sense, the combination is intended to complement the deficiencies of basic models: neural networks are excellent in pattern recognition but usually remain ‘black boxes’ concerning explanation of their decisions; on the other hand, fuzzy logic systems support imprecise reasoning but are very good at explaining their decisions [11]. In this respect, a famous Neuro-Fuzzy architecture is proposed, i.e., the ANFIS. The ANFIS part of the model uses fuzzy logic to handle the existing uncertainty and imprecision in plant disease classification. In this line, fuzzy logic can provide a means for representing vague concepts or linguistic variables, especially in agricultural domains where diseases’ symptoms are subjective or relative, depending on appearance and severity. ANFIS dynamically adapts the fuzzy rules and membership functions concerning the input data to classify optimally. It is this adaptability that is core to handling a diverse group of plant diseases and variations in environmental conditions.


Due to their capability of automatically identifying hierarchical features from unprocessed input data, in this case, images of plant leaves affected by diseases, CNNs have been of great importance in ANFIS-Fuzzy-CNN. As such, they are very well suited for image-based tasks like disease detection since meaningful spatial and temporal patterns could be extracted using multiple layers of convolutions with subsequent pooling operations. These convolution layers allow the model to capture minute details and textures indicative of different plant diseases, thus improving classification accuracy. ANFIS integration into CNN in the ANFIS-Fuzzy-CNN model is synergistic. In ANFIS, it introduces a fuzzy inference mechanism working on the outputs from CNN. This work refines the classification decisions of the CNN with fuzzy logic rules that consider uncertainty and context-specific knowledge about plant diseases. The ANFIS-Fuzzy-CNN model first stepped with a convolutional network that extracted features from input images which went through a few layers of convolutions and pooling Sabrol and Kumar (2020). These features are then processed by a fuzzy inference system where the extracted features from the smart camera are analyzed with the help of fuzzy rules that deal with uncertainties and ambiguity which are mostly inherent in real-world scenarios. One of the most advantageous features of the system is the ability to adjust its parameters that are trained to ensure better solutions are gotten especially for compound classifications.



 Algorithm 1 ANFIS Fuzzy CNN for plant leaves classification.


[image: Workflow diagram detailing the process of classifying leaves as healthy or bacterial using a Plant Village dataset. It includes steps for preprocessing, LBP feature extraction, constructing a Fuzzy CNN model, model training, evaluation, and classification output. The process involves loading the dataset, resizing and normalizing images, extracting LBP features, initializing and training the model with fuzzy logic activation, evaluating performance metrics, and predicting classes using the trained model.]




Compared with traditional ML methods for plant disease classification, the ANFIS-Fuzzy-CNN model has the following advantages: First, it can handle complicated and nonlinear relationships between input features (e.g., symptoms of diseases) and output classes (certain diseases). Second, it improves the robustness of classification by generalizing the strengths of fuzzy inference systems in handling uncertainty with the capability of CNNs in understanding hierarchical representations from raw data. The equation below illustrates a simplified form of how ANFIS integrates with CNN for disease classification:


[image: Equation: Output subscript label equals AFNIS parentheses CNN parentheses Input subscript image close parentheses close parentheses. Numbered as equation one.]

where [image: Text showing "CNN(Input\(_{image}\))" in a mathematical style.]  represents the feature extraction and classification stages performed by the CNN, while ANFIS CNN refines the output label based on fuzzy inference rules.






3.5 Evaluation metrics


This study utilizes different evaluation criteria, including accuracy, F1-score, precision, and recall. These assessment metrics help determine whether ML and DL models are efficient.


An overall assessment of the model’s prediction is provided by accuracy. This statistic calculates the proportion of accurately predicted instances to all instances in a dataset. It can be determined by the formula.


[image: Formula for accuracy is shown as the sum of true positives for all classes divided by the sum of instances for all classes, labeled as equation two.]

Precision is a measure employed to ascertain the ratio gotten from the correct predicted positive instances divided by the total that was predicted positive. In layperson’s terms, this helps to minimize the number of false positives, clearly showing the distinction of the model towards positive instances. Precision can be given as:


[image: Formula displayed shows precision calculation: Precision sub i equals true positives sub i divided by the sum of true positives sub i and false positives sub i, marked as equation three.]

Recall, otherwise called sensitivity, at the same time is the proportion of the number of valid positive instances predicted by the number of genuine positive cases in the dataset’s class. In a more general way, it shows how well the model can detect real positive cases. The formula for the recall is:


[image: Formula for recall is shown: Recall sub i equals TP sub i divided by the sum of TP sub i and FN sub i. Equation number four.]

The F1 score is the harmonic mean of precision and recall and thus provides a measure that balances both metrics about the general behavior of the model. It is calculated with the formula:


[image: F1 Score formula: F1 Score equals two times the product of Precision and Recall divided by the sum of Precision and Recall.]






3.6 Experimental configuration


This study utilized TensorFlow and Keras libraries, both open-source, to create various ML and DL models, some of which were pre-trained. DL methods were utilized on a collection of plant leaf pictures with Python on the Anaconda software. To conduct experiments on datasets using advanced DL models such as ANFIS Fuzzy CNN, this research utilized a system with an Intel Core i9-11900K processor, which features 8 cores and 16 threads, operating at a base frequency of 3.5 GHz. This processor provides the necessary computational power for handling complex data preprocessing and model training. The system is equipped with a high-performance GPU, NVIDIA GeForce RTX 3080, which offers 10 GB of GDDR6X VRAM. This GPU accelerates the training of DL models by leveraging parallel processing capabilities. To support the high computational demands, the system had 64 GB of DDR4-3600 RAM, ensuring smooth operation and efficient handling of large datasets. To identify bacteria in images of plant leaves, it is suggested to use the ANFIS-Fuzzy-CNN DL model in conjunction with LBP. Different scientific methodologies will be used to assess how effective and important the proposed approach is. This research focuses on categorizing diseases found on pepper bell plant leaves utilizing a dataset containing 2,475 images. To accomplish this goal, scientists employed the ANFIS-Fuzzy-CNN model along with LBP.







4 Results and discussion


Four ML models were used on the original dataset to classify pepper bell plant leaf diseases without taking into account LBP features. 
Table 3
 presents the experimental results for these ML models.


Table 3 | 
ML models results using original dataset.




[image: Table comparing four models: RF, LR, ETC, and SVM, across four metrics. RF scores are 0.7548 (accuracy), 0.8155 (precision), 0.8234 (recall), 0.8207 (F1-score). LR scores 0.7629, 0.8367, 0.8449, 0.8419 respectively. ETC achieves 0.8034, 0.8569, 0.8569, 0.8569. SVM scores 0.7249, 0.7939, 0.8046, 0.7969.]



Table 3
 shows the resultant performance metrics for various ML models using the original dataset. Every model is assessed using Accuracy, F1-Score, Precision, and Recall. They are Random Forest. The accuracy ranged from 72.49% using SVM to 80.34% using ETC—Late, thus telling how often each model has predicted outcomes correctly. Precision ranges from 79.39% in the case of SVM to 85.69% for ETC. It indicates the proportion of all expected positives among those predicted as positive. Recall values range from 80.46% (SVM) to 85.69% (ETC), reflecting how well each model identifies actual positive instances. The F1-Scores range from 79.69% (SVM) to 85.69% (ETC), which combines Precision and Recall into a single metric, illustrating the overall effectiveness of each model in making accurate predictions.





4.1 TL models results using original dataset


TL models showed encouraging outcomes for the image data. This study utilizes five TL models along with the proposed ANFIS-Fuzzy-CNN. 
Table 4
 shows the outcomes of TL classifiers and the proposed system using the original dataset.


Table 4 | 
TL models results without LBP.




[image: Performance comparison table of various models showing accuracy, precision, recall, and F1 score. MobileNet shows metrics of 0.7969, 0.8134, 0.8391, and 0.8248. VGG19 scores are 0.7999, 0.8263, 0.8367, and 0.8219. ResNet presents 0.7734, 0.8025, 0.8319, and 0.8267. EfficientNet B4 shows 0.8265, 0.8769, 0.8932, and 0.8855. ANFIS-Fuzzy-CNN, with bold values, indicates the highest scores: 0.8478, 0.8959, 0.9045, and 0.8953. Bold values indicate the proposed model results.]



Table 4
 the performance of various TL models without using LBP. Each model—MobileNet, VGG19, ResNet, EfficientNet B4, and ANFIS-Fuzzy-CNN—is evaluated based on Accuracy, Precision, Recall, and F1 score. Accuracy ranges from 77.34% for ResNet to 84.78% for ANFIS-Fuzzy-CNN, indicating overall prediction correctness. Precision values vary from 80.25% (ResNet) to 89.59% (ANFIS-Fuzzy-CNN), showing the proportion of correctly predicted positive cases out of all predicted positive cases. Recall ranges from 83.19% (ResNet) to 90.45% (ANFIS-Fuzzy-CNN), indicating how well each model identifies actual positive instances. F1 scores range from 82.19% (VGG19) to 88.55% (EfficientNet B4), providing a combined measure of Precision and Recall, reflecting each model’s overall performance in making accurate predictions.






4.2 Performance of ML models using LBP features


This research uses the LBP model for the textual descriptor. In the dataset, ML models are used after carrying out the Local Binary Pattern. 
Table 5
 shows how ML models using Local Binary Patterns perform.


Table 5 | 
Results of ML models with LBP.




[image: Table comparing four models: RF, LR, ETC, and SVM. Accuracy: RF 0.8938, LR 0.8749, ETC 0.9182, SVM 0.9222. Precision: RF 0.9137, LR 0.8367, ETC 0.8569, SVM 0.7939. Recall: RF 0.8234, LR 0.8449, ETC 0.8569, SVM 0.8046. F1 score: RF 0.8207, LR 0.8419, ETC 0.8569, SVM 0.7969.]

The table shows the performance of various TL models without using LBP. Each model, MobileNet, VGG19, ResNet, EfficientNet B4, and ANFIS-Fuzzy-CNN, is evaluated based on accuracy, precision, recall, and F1 score. Accuracy ranges from 77.34% for ResNet to 84.78% for ANFIS-Fuzzy-CNN, indicating overall prediction correctness. Precision values vary from 80.25% (ResNet) to 89.59% (ANFIS-Fuzzy-CNN), showing the proportion of correctly predicted positive cases out of all predicted positive cases. Recall ranges from 83.19% (ResNet) to 90.45% (ANFIS-Fuzzy-CNN), indicating how well each model identifies actual positive instances. F1 scores range from 82.19% (VGG19) to 88.55% (EfficientNet B4), providing a combined measure of precision and recall, reflecting each model’s overall performance in making accurate predictions.






4.3 Performance of TL models using local binary pattern


The data after applying LBP are fed into TL models. 
Table 6
 and 
Figure 2
 show the performance of TL models on LBP data.


Table 6 | 
Results of TL models with LBP.




[image: Comparison table of six models showing accuracy, precision, recall, and F1 score. ANFIS-Fuzzy-CNN model shows highest values: accuracy 0.9999, precision 0.9999, recall 0.9999, F1 score 0.9999, indicating optimal performance. Bold values highlight proposed model results.]

[image: Line graph comparing TL models with LBP, showing scores for MobileNet, VGG19, ResNet, EfficientNet B4, Inception V3, and AFNIS-Fuzzy-CNN. Accuracy, precision, recall, and F1 score are plotted. AFNIS-Fuzzy-CNN shows the highest scores across all metrics.]
Figure 2 | 
Comparison line-graph of TL models using LBP features.






Table 6
 compares the performance of various TL models enhanced with LBP. In this respect, each of the models, including MobileNet, VGG19, ResNet, EfficientNet B4, and Inception V3, together with ANFIS-Fuzzy-CNN, are plugged into criteria such as the F1 score, accuracy, precision, and recall. The accuracy ranges from 89.17% for MobileNet to 98-99% for ANFIS-Fuzzy-CNN and Inception V3, meaning almost all the predictions are generally correct. The values obtained for precision are 80.25% for ResNet and 99.99% for both ANFIS-Fuzzy-CNN and Inception V3, respectively. Recall ranges from 83.19% in the case of ResNet to as high as 99.99% in ANFIS-Fuzzy-CNN and Inception V3, which means that each model recalled actual positive instances of a class this much. F1 ranges from 82.19% in VGG19 to 99.98% in Inception V3. It does exactly what an F1 score should do, combining precision and recall into a combined measure reflecting how well each model makes accurate predictions with the addition of LBP.






4.4 Discussion


The proposed ANFIS Fuzzy CNN model excels in plant leaf disease detection due to several key innovations. It integrates an ANFIS which allows the model to dynamically adjust to variations in plant leaf images, thereby extracting more relevant and distinctive features. The incorporation of fuzzy logic enhances the model’s ability to handle uncertainty and variability in agricultural data, making it more resilient to noise and variations in image quality. The model’s CNN structure is adept at capturing intricate patterns and textures, which are crucial for accurate disease classification. Furthermore, the proposed model benefits from prior knowledge while adapting to the specific nuances of plant leaf disease detection, reducing training time. The model’s performance is validated using various metrics, such as accuracy, F1-score, precision, and recall providing a holistic view of its effectiveness. Rigorous cross-validation and benchmarking against state-of-the-art models and datasets demonstrate the model’s consistency and superior performance, justifying its robustness and efficacy in precision agriculture applications. We performed an ablation study and the results are given in 
Table 7
. Results show the impact of each layer and component on the performance of the proposed ANFIS Fuzzy CNN model.


Table 7 | 
Mean accuracy of ANFIS Fuzzy CNN model with respect to various parameters.




[image: Table comparing different parameters with mean accuracy percentages. Input size 128x128 achieves 95.75%, while 256x256 achieves 97.50%. Fuzzy layers from one to three show 95.67%, 97.67%, and 94.33% respectively. Regularization rates of 0.01, 0.1, and 1.0 yield 98.25%, 96.67%, and 94.00%. Learning rates of 0.001, 0.01, and 0.1 achieve 97.75%, 97.00%, and 93.00%. Batch sizes of 16, 32, and 64 achieve 95.00%, 97.00%, and 98.50%.]





4.5 Results of k-fold cross-validation


In this study, k-fold cross-validation has been implemented to enhance the performance analysis of the proposed method. The computed results of 5-fold cross-validation are shown in 
Table 8
, indicating that the technique proposed is effective concerning various metrics. The standard deviation is found to be very low, indicating better consistency in performance across folds. These results add to the confidence level in the degree of reliability and credibility of the proposed technique.


Table 8 | 
Cross-validation results.




[image: Table showing model results across five folds with metrics: accuracy, precision, recall, and F1-score. Each fold's metrics are similar, with averages in bold: accuracy 0.9996, precision 0.9984, recall 0.9994, and F1-score 0.9994. Bold values indicate the proposed model results.]



Table 8
 and 
Figure 3
 show the summary of performance metrics using cross-validation with LBP. Again, in this case, there is also available for every fold; first-fold to fifth-fold, metrics such as precision, F1 score, accuracy, and recall. The accuracy in each fold comes very close: 99.93% to 99.99%, hence very accurate. The precision values are always very high, in the range of 99.64% to 99.96%, indicating that out of all positives predicted, the models could get most of the positive cases right. Recall values are also exceptionally high, ranging from 99.85% to 99.99%, thus indicating how well the models can capture positive instances. Another combined measure for precision and recall is the F1 score, which ranges from 99.30% to 99.99%. This again proves the overall sound performance in both precision and recall metrics. The final AVG metrics across folds underpin the excellent quality of the models in terms of average accuracy, precision, recall, and F1-score with corresponding values of 99.96%, 99.84%, 99.94%, and 99.94%. These results prove that with k-fold cross-validation and LBP, high accuracy and reliability were obtained in the models trained for outcome prediction.


[image: Bar chart comparing performance percentages of various models: Optimized CNN, MobileNetV2, HGB, GoogleNet, KMSEG, BPNN, CNN, CNN-SVM, Optimized CNN, and AFNIS-Fuzzy-CNN. AFNIS-Fuzzy-CNN achieves the highest performance at 99.99%, followed by MobileNetV2 at 99.55% and CNN at 99.58%.]
Figure 3 | 
Comparison bar-graph with previously published research works.




The proposed ANFIS Fuzzy CNN model offers a more adaptive and context-aware approach compared to the deep convolutional neural networks (CNNs) employed in the referenced research. While studies like Sachdeva et al. (2021) and Zeng et al. (2021) leverage CNNs and transfer learning for plant disease detection, their models lack the fuzzy logic integration that enhances spatial coherence in ANFIS. Similarly, the HistGradientBoosting model used by Devi and Amarendra (2021) combines traditional feature extraction methods like HOG and LBP, but does not achieve the same adaptability in complex environments as ANFIS. Furthermore, while Mohanty et al. (2016) and Wang et al. (2020) employ UAVs and remote sensing for plant disease detection, ANFIS outperforms these methods in terms of accuracy and robustness, especially in dynamic scenarios. The key advantage of ANFIS is its ability to incorporate fuzzy logic for more precise feature extraction, setting it apart from traditional deep CNNs and transfer learning methods.




Table 9
 captures a performance comparison between the proposed model and SOTA. It shows ANFIS-Fuzzy-CNN performing better than other SOTA models in terms of accuracy, as depicted in the 
Table 9
. The model’s comparison is illustrated in 
Table 10
.


Table 9 | 
Comparison with previously published research works.




[image: Comparison table showing various classifiers on the Plant Village dataset. Accuracy ranges from 89.11% to 99.99%. Most studies, like Sachdeva et al. (2021) and Mohanty et al. (2016), note limitations including lack of ANFIS feature capturing, cross-validation, and preprocessing. The highlighted study achieves 99.99% accuracy, addressing all limitations. Bold values indicate proposed model results.]

Table 10 | 
Comparison of ANFIS Fuzzy CNN with other models.




[image: Table comparing various CNN models across five columns: Model, Complexity, Parameter Count, Accuracy, Suitability, and Key Advantages. Models listed are ANFIS Fuzzy CNN, Deep CNN, MobileNetV2, HGB CNN, and GoogleNet. Complexity, accuracy, and suitability vary, with advantages including adaptive feature extraction, simplicity, efficiency, and scalability.]





4.6 Real-world applications of proposed approach


Plant diseases are a real threat to agriculture and their robust detection is challenging. Devising a framework that can perform timely and accurate disease detection holds great promise for farmers. The proposed approach shows superb results and can be used for real-world disease detection thereby helping better and timely countermeasures to avoid crop losses. It can help farmers get better yield thereby improving their earnings and contributing to the economy. The proposed approach provides robust results and can be utilized for disease detection at an early stage of disease which can be very influential to reduce disease losses. For deployment, the system can be integrated into edge devices like mobile phones or dedicated cameras for field use, and utilize cloud-based systems for extensive processing and storage. In addition, it can be incorporated into smart farming where the real-time data can be fed to the model for disease detection. The output of the framework can be linked to a smartphone app for real-time updates to the farmers improve their decision making.






4.7 Limitations of proposed ANFIS Fuzzy CNN model


Despite the promising performance of the proposed ANFIS Fuzzy CNN model in detecting plant leaf diseases, some limitations must be considered. Firstly, the model’s reliance on large amounts of labeled data for training poses a significant challenge, as acquiring high-quality annotated images of various leaf diseases is time-consuming and labor-intensive. This can lead to issues of data imbalance, where some disease classes are underrepresented, potentially biasing the model’s predictions. Additionally, the computational complexity of the model, due to its fuzzy and convolutional components, may result in high training and inference times, making it less suitable for real-time applications in resource-constrained environments such as small farms.







5 Conclusion


Keeping in view the importance of timely disease detection, this study proposes a novel approach using leaf images. The proposed model for the pepper bell leaf disease detection utilizes ANFIS Fuzzy CNN and local binary pattern features. Without using the local binary pattern features, the achieved accuracy is 0.8478 while using the features demonstrates exceptional performance with a remarkable 99.99% in accuracy, precision, recall, and F1 score. The comparison with original image features yielded significantly lower results, highlighting the effectiveness of the proposed approach. Extensive experiments with various machine and DL models reaffirm the superiority of the proposed model. Additionally, cross-validation and comparisons with state-of-the-art techniques underscore its robustness and reliability. These findings emphasize the potential of the proposed method to revolutionize disease detection in agricultural practices, offering a highly accurate and efficient solution for early disease identification and management. The future work direction of this research work is the addition of explainable AI and Model Interpretability to give more insights into how these predictions are made. The second direction is the integration of a multi-modal fusion approach to make it a more reliable solution in the agriculture sector.
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Accurately identifying apple diseases is essential to control their spread and support the industry. Timely and precise detection is crucial for managing the spread of diseases, thereby improving the production and quality of apples. However, the development of algorithms for analyzing complex leaf images remains a significant challenge. Therefore, in this study, a lightweight deep learning model is designed from scratch to identify the apple leaf condition. The developed framework comprises two stages. First, the designed 37-layer model was employed to assess the condition of apple leaves (healthy or diseased). Second, transfer learning was used for further subclassification of the disease class (e.g., rust, complex, scab, and frogeye leaf spots). The trained lightweight model was reused because the model trained with correlated images facilitated transfer learning for further classification of the disease class. A dataset available online was used to validate the proposed two-stage framework, resulting in a classification rate of 98.25% for apple leaf condition identification and an accuracy of 98.60% for apple leaf disease diagnosis. Furthermore, the results confirm that the proposed model is lightweight and involves relatively fewer learnable parameters in comparison with other pre-trained deep learning models.
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1 Introduction

Ensuring constant and steady agricultural production is crucial for satisfying the demands of the growing global population. Agricultural production and quality vary globally owing to various factors, such as climatic changes, naturally available resources, geographical position, and the presence of infections and diseases (Mahato et al., 2022). Additionally, plant diseases contribute to insufficient human food supply and may severely impact natural ecosystems (Singh et al., 2023; Lahlali et al., 2024). Although technological advancements have mitigated the catastrophic effects of plant diseases, this remains a significant issue.

With a history of 2,000 years of human cultivation, apples are one of the most popular and extensively cultivated fruits globally (Cheng and Li, 2023). Apples are rich in vitamins and minerals, which provide a high nutritional value that is essential for a healthy diet (Korban, 2023; Tsoupras et al., 2023) (Larsson et al., 2013). have reported that the adequate consumption of apples may reduce the risk of stroke. However, apple production faces various challenges because of diseases that can significantly affect both yield and quality. Apple trees are vulnerable to a multitude of diseases that significantly compromise their quality and yield. These include fungal infections, viruses, nematodes, and bacteria, which can substantially reduce the nutritional and therapeutic value of apples. At present, disease identification significantly relies on human vision, requiring the expertise of local agriculturalists (Dutot et al., 2013). In addition to being cumbersome, visual inspection by farmers is susceptible to errors because of subjective perceptions and visual fatigue, rendering it challenging to achieve high precision during disease identification. This can cause significant losses in apple production and quality. Diseases such as rust, complexes, scabs, and frogeye leaf spots hinder apple production, inducing significant setbacks in the agricultural sector. Rust reduces fruit size and places trees at risk of harm during winters. Cedar-apple rust affects leaves and fruits, whereas frogeye leaf spots, caused by a fungal pathogen, lead to fruit infections. The scab, caused by Venturia inaequalis, is particularly damaging; it begins as yellow spots on leaves and deforms the fruit subsequently (Hirst, 1997). Therefore, the timely and accurate diagnosis and treatment of apple diseases are essential to ensure a productive and healthy harvest. Over the last few years, advancements in machine learning and deep learning technologies have significantly enhanced the detection of leaf diseases (Kamilaris and Prenafeta-Boldú, 2018; Pardede et al., 2018), facilitating efficient real-time disease detection.

Recognizing plant diseases is fundamentally an image-processing problem that involves accurate capturing of disease features, comparing them with other disease types, and classifying them. Conventional machine learning approaches employ image processing methods and classifiers, wherein RGB values and disease spot textures are extracted using grayscale values. The commonly used classifiers include Naive Bayes, support vector machines, and k-means clustering (Mokhtar et al., 2015; Ma et al., 2018; Deng et al., 2019; Tian et al., 2019). Conventional machine learning methods can achieve reasonable detection rates for diseases with specific characteristics (Singh et al., 2016). However, these approaches are constrained by their inadequacy in identifying nonlinear data and the challenges associated with feature extraction, resulting in inadequate generalizability.

By contrast, deep learning methods have reported promising results for plant disease detection (Fuentes et al., 2017; Liu et al., 2018). Deep learning models have demonstrated significantly accurate results in plant disease detection compared with conventional learning models. The automatic extraction of local features from neighboring pixels in deep learning models enables them to demonstrate high disease detection rates (Jiang et al., 2019). proposed a VGG-INCEP model for multiclassification problems. They used an apple leaf disease dataset to detect five different apple diseases and achieved an accuracy of 97.14%. In another study (Li and Rai, 2020), used pre-trained models, such as ResNet-18 and ResNet-34, for apple disease detection; the models achieved high accuracies of 99% and 97%, respectively, owing to their complex architectures. Although these models exhibit exceptional results, they are impractical for real-time use. In a recent study (Yao et al., 2024), introduced a multi-prediction model to identify plant diseases. The framework included a convolutional neural network (CNN) evaluated using a plant village, plant leaves, and PlantDoc datasets; their model exhibits a high detection rate of 96.51%. In another recent study (Andrushia et al., 2024), proposed a capsule network for classifying Vitis vinifera leaves, achieving an accuracy of 98.7%. Recently, transformer-based architectures have revolutionized the field of agricultural image analysis, enabling accurate and efficient detection of apple leaf diseases. Several studies have demonstrated the effectiveness of transformer-based architectures in capturing contextual relationships and long-range dependencies, which are crucial for identifying subtle disease symptoms (Lv and Su, 2024; Si et al., 2024; Ullah et al., 2024). Despite their advantages, deep learning models, including transformer-based models, face significant challenges such as complex architectures, leading to increased computational requirements and substantial training time to achieve optimal results.

To address the aforementioned challenges, we developed a novel deep learning architecture and framework, referred to as AppleLeafNet, for apple disease identification and detection. In the first step, a deep learning classification architecture was designed from scratch to identify the condition of the apple leaf (healthy or diseased). After identifying the condition of the leaf, the same deep learning model was reused considering its frozen weight (transfer learning concept) for subclassifying the diseased leaf into rust, complex, scab, and frogeye leaf spot. The use of frozen weights on correlated images facilitated the subclassification process. A dataset available online was used to validate the proposed deep learning model and framework.




2 Materials and methods

This section presents the details of the materials used and the methods employed in this study, including the proposed model and framework. The data augmentation process, implemented to address class imbalance issues in the dataset used, is also described.



2.1 Proposed framework for apple leaf disease detection

We propose a deep-learning-based framework for identifying and detecting the types of actual diseases that affect apple leaves. The proposed approach was divided into two stages. In Stage I, the deep learning architecture was designed from scratch to identify the condition of the apple leaf (healthy or diseased). In Stage II, the diseased leaves were further categorized into rust, complex, scab, and frogeye leaf spots by reusing the trained Stage I model. Figure 1 depicts the complete framework of the proposed approach. The details of the deep learning model are provided in the subsequent section.

[image: Flowchart illustrating a two-stage process for plant pathology classification. Stage I shows a two-class classification: pre-processing, CNN training, and identification of healthy or diseased plants. Stage II involves transfer learning for detection and a four-class classification: rust, complex, scab, and frog eye leaf spot, with a feedback loop from trained models for new training.]
Figure 1 | Framework used for apple leaf disease identification and detection based on the designed deep learning model.




2.2 Deep learning model designed from scratch

In this study, we developed a deep learning model for apple leaf disease identification. The proposed model was designed to outperform other state-of-the-art models by using the fewest layers possible for a specific dataset. The proposed model was built using 37 layers, which included the input, convolutional, rectified linear unit (ReLU), pooling, batch normalization, concatenation, fully connected, dropout, softmax, and classification layers. Figure 2 and Table 1 present the specifications and features of the proposed deep learning model.

[image: Diagram illustrating a neural network architecture with layers including image input, convolutional layers, activation functions (ReLU), max pooling, batch normalization, concatenation, global average pooling, fully connected layers, sigmoid, dropout, softmax, and class output. Arrows indicate data flow directions between layers.]
Figure 2 | Architecture of the developed deep learning model for apple leaf disease identification.

Table 1 | Detailed information on the developed deep learning model for identifying the conditions of apple leaves.


[image: Table listing the layers of a neural network. It includes layer number, name, type, activations, and number of learnable parameters. Layers range from image input to classification output, with various convolutions, pooling, normalization, fully connected, and activation layers detailed. Learnable parameters vary by layer, with significant values like 896, 18,496, 73,856, and others, indicating complexity. The chart provides a comprehensive overview of the network structure for analysis.]


2.2.1 Input layer

The model uses the input image to extract the features from the subsequent layers. The developed structure was designed to process input images with dimensions of 227 × 227 × 3. Each image in the dataset was adjusted to fit these dimensions; this relates only to the input image dimensions and contains no learning parameters, as listed in Table 1.




2.2.2 Convolutional layer

The layers of the model learn weight matrices for filters and kernels, with the number and size of filters determining the adjustable parameters. For instance, in a layer with dimensions (x, y, d) and a filter size k with dimensions (a, b), the parameters of the convolutional layer are (a * b * d) + 1) * k), where 1 is included for the bias in each filter. In this study, the presented network included eight convolutional layers with a filter size of 3 × 3, resulting in 1,061,600 learnable parameters across the layers.




2.2.3 Pooling layer

This layer reduces the number of input parameters to decrease computation costs and enhance efficiency. The developed model includes max- and average-pooling layers; the max-pooling layer selects the most prominent features, whereas the average-pooling layer computes the average value based on the feature map using stride and padding settings. This layer lowers the input dimensions but does not contain learnable parameters.




2.2.4 Dropout layer

This layer randomly deactivates neurons during training, prevents overfitting, and enhances the model generalization.




2.2.5 Fully connected layer

This layer establishes dense connections, thereby extracting high-level characteristics to develop the classification model.




2.2.6 Softmax

Softmax uses an activation function to transform logarithms into class probabilities, ensuring that the sum of the probabilities for all classes is equal to one.




2.2.7 Classification output

This layer employs cross-entropy loss for model training, explicitly using the “crossentropyex” of MATLAB. The gap between the actual and predicted class probabilities can be quantified using cross-entropy.

The network developed from scratch for disease identification contained only 1,330,146 learnable parameters, as listed in Table 1.





2.3 Transfer learning

Transfer learning is a machine learning method that uses existing trained models to accelerate learning for another task. Essentially, the network created for one task is reused as the initial point of another network for a different task. This approach is particularly valuable when limited datasets are available. The fundamental idea of this approach is to utilize the characteristics acquired from tasks with ample data to enhance the efficiency of tasks with limited data. This is based on the understanding that tasks involve common elements that can be reused to enhance efficiency.

In Stage II of the framework, transfer learning was employed based on the deep learning model developed in Stage I by incorporating the frozen weights of the apple disease identification model (trained for Stage I). The network was retrained by substituting the final three layers for actual disease detection (e.g., rust, complex, scab, and frogeye leaf spots), as indicated in Figure 1.




2.4 Dataset and preprocessing

The dataset used in this study is publicly available at Kaggle “Plant Pathology 2021 - FGVC8” (https://www.kaggle.com/competitions/plant-pathology-2021-fgvc8/data, accessed on August 20, 2024). The dataset contains 18,632 images captured using a Canon Rebel T5i DSLR (Canon Inc., Japan) and is mobile at different angles, illumination, noise, and non-homogeneous backgrounds, depicting various disease levels. According to the input of the developed model, all images were uniformly cropped to 227 × 227 pixels. A zero-center approach was used for normalization during preprocessing. We selected five leaf spot categories, namely, healthy, rust, complex, scab, and frogeye leaf spots, based on their sufficient image representation (Figure 3).

[image: Six images showing apple leaves with different conditions: two labeled "Healthy" with vibrant green leaves; "Rust" with a purple-blue patch; "Complex" with white spots; "Frog Eye Leaf Spot" with dark spots; "Scab" showing discoloration.]
Figure 3 | Sample of the plant pathology 2021 - FGVC8 dataset used for various conditions of leaves.

Insufficient data is a major challenge in implementing deep learning models. Increasing the number of images in the dataset can help models learn robust features and reduce the risk of overfitting. The dataset used in this study was imbalanced, with the scab class containing the maximum images and the complex class comprising the least number of images. We addressed this imbalance by using techniques such as flipping, random rotation, contrast adjustment, brightness modification, translation, and zoom to enhance the dataset. These augmentations increased the size of the dataset and improved image quality. The dataset was divided into two groups, as summarized in Table 2.

Table 2 | Details of the apple leaf dataset.


[image: Table displaying image counts for healthy and diseased categories. Healthy has 4,624 original images and 6,000 augmented images for Stage I. Diseased subcategories (Rust, Complex, Scab, Frogeye Leaf Spots) have original images of 1,860, 1,602, 4,826, and 3,181 respectively, with 6,000 augmented images for Stage I and Stage II.]




3 Results

MATLAB 2023a was used for all simulations and analyses on a personal computer with the following specifications: Core i7, 12th Generation, 32 GB RAM, NVIDIA GeForce RTX 3050, 1 TB SSD, and 64-bit Windows 11 operating system. The dataset was randomly divided into 80/20 ratios for model training and testing. The images used for the model testing were not part of the training set. The initial parameters included 100 epochs, a momentum of 0.9, a mini-batch size of 32, and a learning rate of 0.001. The stochastic gradient descent with momentum (SGDM) solver was used for training and testing. The following metrics were used to evaluate the performance of the various models:

[image: Equation for precision, showing "Precision equals true positives divided by the sum of true positives and false positives."]	

[image: Mathematical formula for recall: Recall equals true positives divided by the sum of true positives and false negatives.]	

[image: Formula for specificity shown as true negatives divided by the sum of true negatives and false positives.]	

[image: F1-score formula: F1-score equals two times the product of precision and recall, divided by the sum of precision and recall.]	

[image: Formula for accuracy: accuracy equals the total number of correctly classified observations divided by the total number of observations.]	

First, the original dataset (without augmentation) was used to verify the performance of the proposed model on a five-class apple leaf classification problem. Initially, an ablation study was performed to select the layers for the lightweight deep learning model. Table 3 lists the results of the ablation study. The 37-layer model was selected as the proposed lightweight deep learning model because it yielded higher accuracy. Other state-of-the-art models, ranging from simple to complex architectures, such as ResNet-50, GoogLeNet, Inception-v3, EfficientNet-b0, MobileNet-v2, and DenseNet-201, were also trained to compare their performances. Table 4 presents the results of the comparative analysis.

Table 3 | Results of the ablation study performed for the selection of layers.


[image: Table comparing parameters of lightweight deep learning models with different layers and branches. It shows training and validation loss and accuracy, as well as training time in minutes and seconds for five configurations: 36-layer (no branch), 33-layer (1 branch), 37-layer (1 branch), 41-layer (1 branch), and 42-layer (2 branches). Training accuracy is consistently 100 percent, while validation accuracy ranges from 89.12 percent to 91.02 percent. Training times vary from 59 minutes and 3 seconds to 76 minutes and 57 seconds.]
Table 4 | Comparison of various models for apple leaf disease detection.


[image: A table compares machine learning models (GoogleNet, ResNet-50, Inception-v3, EfficientNet-b0, MobileNet-v2, DenseNet-201, Proposed) in classifying plant diseases. Columns include true classes, predicted classes, precision, recall, specificity, F1-score, accuracy percentage, training time, and learnable parameters in millions. Models perform differently in precision, recall, and F1-score across various diseases, with accuracy ranging from 91.01% to 94% and training times significantly varying. The table highlights performance and efficiency in disease prediction tasks.]
The data presented in Table 4 indicate that the DenseNet-20 produced the highest classification accuracy of 94%, with a training time of approximately 45 h. Conversely, the proposed model yielded a reasonable classification rate of 91.02%, with only 1 h of training time. The proposed model exhibited an acceptable precision rate (Table 2) and accurately classified 875 of the 925 healthy apple leaf images. Furthermore, the proposed model used the least number of learnable parameters (1.3 million) in comparison with other models. Therefore, the proposed framework was used to further validate the identification and disease detection rate, as discussed in Section 2.1. After identifying the condition of an apple leaf (healthy or diseased), the original type of disease was detected using the proposed framework. The data were augmented to balance the dataset (Table 2); Figures 4 and 5 illustrate the corresponding results.

[image: Confusion matrices for apple leaf condition and disease detection. A) Condition identification shows healthy and unhealthy categories with high accuracy: healthy 97.9% and unhealthy 98.6%. B) Disease detection involves complex, frogels, rust, and scab categories, with accuracies ranging from 98.0% to 99.2%.]
Figure 4 | Performance of the proposed two-stage methodology. (A) Apple leaf condition identification and (B) apple leaf disease detection.

[image: Four graphs labeled A, B, C, and D show training and validation metrics over one hundred epochs. A and C display loss, which quickly decreases and stabilizes. B and D depict accuracy, which quickly rises and stabilizes at high values. In each graph, training and validation trends are close, showing consistency.]
Figure 5 | Learning curves of the proposed two-stage methodology. (A, B) Apple leaf condition identification model. (C, D) apple leaf disease detection model.

According to the results presented in Figure 4A, the proposed methodology increased the condition identification rate of apple leaves. Only 17 of 1200 leaves were misclassified in the healthy class, and 1175 of 1200 leaves were accurately classified in the diseased class, increasing the accuracy to 98.25%. Furthermore, in the detection of complex diseases in leaves (Figure 4B), 24 false negatives and 30 false positives suggested misclassification to some extent; however, the error was relatively low compared with true positives. In the case of frogeye leaf spots, 14 false positives and 4 false negatives indicated adequate performance with minimal misclassification. In the case of scab detection, 11 false positives and 7 false negatives suggested high accuracy. Figure 5 depicts the learning curves of both trained models, which stabilized after approximately 40 epochs. Figure 6 shows the 10-fold cross-validation results, demonstrating the effectiveness of the proposed two-stage approach against overfitting. A comparison of the proposed approach with those reported in the literature is presented in Table 5.

[image: Confusion matrices showing classification performance for apple leaf conditions and diseases. Part A displays "Condition Identification" with healthy and unhealthy classes achieving accuracy rates of 98.8% and 98.6%, respectively. Part B presents "Disease Detection" with categories: complex, frogels, rust, and scab, having accuracy rates between 98.7% and 99.3%.]
Figure 6 | Performance of the proposed two-stage methodology based on the 10-fold cross-validation. (A) Apple leaf condition identification and (B) apple leaf disease detection.

Table 5 | Comparison of the proposed framework with those reported in other studies using the Plant Pathology 2021 - FGVC8 dataset.


[image: Table comparing study results with the proposed method. Results for Yadav et al. (2022): 92.66%, Yu et al. (2022): 95.7%, Feng et al. (2023): 90.49%, Ullah et al. (2024): 96.4%, Ait Nasser and Akhloufi (2024): 95.96%, Li et al. (2024): 95.69%. Proposed method yields 98.25% for apple leaf condition identification and 98.60% for apple leaf disease detection.]



4 Discussion

The global agricultural industry plays a vital role in ensuring food security, and the detection of plant diseases is crucial for maintaining crop productivity and sustainability (Feng et al., 2023; Li et al., 2024). The accurate identification of leaf diseases in apple trees is critical for timely intervention and yield optimization. This paper presents a novel lightweight deep learning model and framework designed to efficiently recognize and classify diseases in apple leaves, offering a valuable tool for agricultural stakeholders.

We used a lightweight deep learning model and framework for apple leaf condition identification and disease detection. An ablation study (Table 3) was performed to determine the optimal layer configuration, which indicated that increasing or decreasing the number of layers affected the training time and classification accuracy. Notably, the 37-layer deep learning architecture achieved the highest validation accuracy (91.02%) with reduced validation loss for the original dataset (without augmentation). Furthermore, the training time of the proposed model was significantly shorter than that of the other deep learning models (Table 4) despite using only 1.3 million learnable parameters. Moreover, the proposed model was substantially lighter than others. Despite the increased efficiency and lightweight characteristics, the proposed model maintained competitive performance in terms of precision, recall, and accuracy. This reduced memory and storage requirements, rendering it suitable for deployment in devices with limited resources. This balance between efficiency and performance can be crucial for practical applications.

To increase the accuracy, we proposed a two-stage architecture using the selected lightweight 37-layer deep learning model. The primary idea was to validate the hypothesis that transfer learning benefits from correlated images using frozen CNN weights. In the first stage, the proposed lightweight model was designed and trained to identify the condition of the apple leaf (healthy or diseased). The model performed well in classifying healthy and diseased apple leaves, with a classification accuracy of 98.6% (Figure 4A). In the second stage, the model trained in Stage I was reused using its frozen weight (transfer learning concept) for diseased leaf subclassification into rust, complex, scab, and frogeye leaf spots. The use of frozen weights on correlated images facilitated the subclassification process. As indicated in Figure 4B, the performance of the diseased leaf subclassification significantly increased to 99.2%, with the true positive rate exceeding 98% for all subclasses. A comprehensive 10-fold cross-validation analysis was performed to further assess the robustness of the model against data leakage and overfitting. The results demonstrated a consistently high classification accuracy (Figure 6), further confirming the efficacy of the proposed two-stage framework.

The comparative analysis further revealed that the proposed model and framework yield a better classification performance than the other models utilizing the same dataset (Table 5). The proposed model offers a practical solution for plant disease classification by balancing performance, efficiency, and resource requirements. This makes it a valuable tool for real-world applications, where rapid and accurate plant disease identification and detection are essential.

Certain limitations were observed in this study. We focused solely on image data to classify apple leaf conditions and diseases. However, in the future, image data should be combined with spectral or genomic data to further enhance classification and robustness. Furthermore, existing architectures employed for plant disease classification are relatively simple. Exploring more advanced architectures, such as CNNs with attention mechanisms or transformer-based models, may improve performance. Another key limitation of this study was the validation of the proposed framework using a single dataset. Future studies should prioritize testing the generalizability of the framework across diverse datasets by incorporating various environmental and confounding factors to ensure broader applicability.




5 Conclusions

This study proposes a lightweight deep learning model and framework for identifying the apple leaf condition (healthy or diseased) and detecting diseases (e.g., rust, complex, scab, and frogeye leaf spots). A 37-layer lightweight deep learning model was designed to identify the apple leaf conditions, and the Plant Pathology 2021 - FGVC8 dataset available online was used for validation. Image augmentation techniques were used to balance the classes. The proposed model was trained using an augmented dataset, and numerous comparative experiments were performed considering various performance evaluation indicators. The experimental results demonstrated that the proposed method achieved a high accuracy of 98.25% for identifying the apple leaf condition. Furthermore, the proposed lightweight deep learning model required considerably fewer learnable parameters than other models. The trained model was reused to evaluate its performance in disease class subclassification using transfer learning. The model achieved a high classification accuracy of 98.60% for actual disease detection. This excellent classification performance confirmed that the proposed model outperformed existing deep learning algorithms, providing superior results in apple leaf disease detection tasks. The study findings serve as a reference for classifying agricultural diseases using deep learning techniques as the developed model is lightweight, rapid, and resilient.
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Foliage plants have strict requirements for their growing environment, and timely and accurate soil temperature forecasts are crucial for their growth and health. Soil temperature exhibits by its non-linear variations, time lags, and coupling with multiple variables, making precise short-term multi-step forecasts challenging. To address this issue, this study proposes a multivariate forecasting method suitable for soil temperature forecasting. Initially, the influence of various environmental factors on soil temperature is analyzed using the gradient boosting tree model, and key environmental factors are selected for multivariate forecasting. Concurrently, a point and interval forecasting model combining the Neural Hierarchical Interpolation for Time Series Forecasting (N-HiTS) and Gaussian likelihood function is proposed, providing stable soil temperature forecasting for the next 20 to 120 minutes. Finally, a multi-objective optimization algorithm is employed to search for optimal initial parameters to ensure the best performance of the forecasting model. Experiments have demonstrated that the proposed model outperforms common models in predictive performance. Compared to Long Short-Term Memory (LSTM) model, the proposed model reduces the Mean Absolute Error (MAE) for forecasting soil temperatures over the next 20, 60, and 120 minutes by 0.065, 0.138, and 0.125, respectively. Moreover, the model can output stable forecasting intervals, effectively mitigating the instability associated with multi-step point forecasts. This research provides a scientific method for precise regulation and disaster early warning in facility cultivation environments.




Keywords: soil temperature forecasting, multivariate forecasting, N-HiTS, Gaussian likelihood, multi-objective optimization, interval forecasting




1 Introduction

Foliage plants are cultivated primarily for their ornamental qualities, particularly the unique forms, colors, and textures of their leaves. These plants are valued not only for their aesthetic appeal but also for their ability to purify the air and promote emotional well-being (Han and Li-Wen, 2020; Kim et al., 2020). Consequently, they hold significant economic and practical potential. Foliage plants like Aglaonema require a precise growth environment. Their growth halts if the soil temperature deviates from 25-30°C during the day or 20-25°C at night (Lin, 2023). Thus, maintaining environmental parameters within a suitable and stable range is crucial for plant growth, as it can significantly enhance the quality of foliage plants in facility cultivation environments. Among numerous environmental factors, soil temperature (ST) stands out as a pivotal indicator (Chaipong, 2020). It significantly influences key aspects of plant development, such as seed germination, root growth, and the maturation of stems and leaves. Moreover, it is intricately associated with soil moisture levels, microbial activity, and the transformation of organic matter (Myster and Roar, 1995; Heinze et al., 2017; Noia et al., 2018). Therefore, establishing a precise ST forecasting model holds significant value for the management and regulating of plant growth, health, and irrigation practices (Tsai et al., 2020).

ST variations exhibit non-linearity and temporal lag, influenced by various environmental factors such as air temperature, air humidity, soil moisture, and solar radiation. Therefore, forecasting ST is a typical multivariate time series forecasting task. Soil temperature forecasting mainly includes three developmental stages: mechanistic models, machine learning, and deep learning. Early experts established some mechanistic models such as dynamic model (Kıyan et al., 2013; Joudi and Farhan, 2015) and thermodynamic model (Ali et al., 2020) for predicting greenhouse environmental factors. However, these methods are susceptible to external conditions and parameter settings, making them unstable. With the rapid development of Internet of Things (IoT) technology, various data-driven models based on machine learning, including Random Forests (Hamrani et al., 2020), Support Vector Regression (Yu et al., 2016), Seasonal Autoregressive Integrated Moving Average (Zeynoddin et al., 2020), Artificial Neural Networks (Petrakis et al., 2022), have been employed for short-term single-step forecasting studies of greenhouse environmental factors. However, the cultivation of foliage plants is a ongoing endeavor, and single-step forecasts cannot fully meet the needs of precise environmental regulation. Therefore, there is a pressing need for research focused on multi-step forecasting. In recent years, the emergence of deep learning models has presented new opportunities to address the challenge of multivariate multi-step forecasting in greenhouse environments. Liu et al. (2022) combined the Long Short-Term Memory (LSTM) model with multiple environmental variables to preliminarily achieve multi-step forecasting of ST. He et al. (2022) tested the potential the Gated Recurrent Unit (GRU) model in multivariate multi-step forecasting within greenhouse environmental factors, affirming the GRU model outperforms machine learning models. However, the environmental factors in a greenhouse are highly interrelated and complex, and a single recurrent neural network lacks the capacity to effectively capture the dependencies within high-dimensional data (Javed et al., 2022). In response to this challenge, some researchers (Jin et al., 2021; Yang et al., 2023; Li et al., 2024) introduced attention mechanisms to conduct deeper feature extraction on multivariate environmental data, thereby further enhancing the multi-step forecasting performance of baseline models for environmental factors, but attention mechanisms also increased the inference time and the risk of overfitting (Liu et al., 2024). Besides, Shi et al. (2024) integrated convolutional neural networks (CNN), LSTM, and the sparrow search algorithm (SSA) to establish a greenhouse environment forecasting model, achieving more precise results compared to individual models. However, this approach also led to increased inference time and a larger model size

Although past research has made significant progress in improving model accuracy, there are limitations in model stability and real-time performance: i) While stacking models and integrating attention mechanisms can improve predictive performance, these enhancements typically come at the expense of increased model complexity and longer training time, posing challenges for real-time inference and edge deployment. ii) In relatively enclosed environments of facility cultivation, soil temperature variations are sensitive to microclimate changes induced by sunlight, temperature fluctuations, and human activities, often exhibiting short-term fluctuations, which indicates that multi-step point forecasts inevitably contain errors, introducing uncertainty into decision-making processes. iii) Determining the hyperparameters of neural networks presents challenges. Common tuning methods, such as grid search, have computational burdens and time requirements that grow exponentially with the number of hyperparameters, making it tough to determine them quickly.

To alleviate these challenges, this study aims to propose an efficient and swift method for short-term multi-step forecasting, which is intended for precise ST management and dynamic regulation in the cultivation process of foliage plants. It innovatively integrates multivariate forecasting, interval forecasting, and multi-objective optimization algorithms. The specific contributions of this research are as follows:

	This study focus on multivariate time series forecasting and introduces a feature analysis framework based on gradient boosting tree models. The goal is to enhance the accuracy and stability of ST forecasting by integrating various environmental factors. Key characteristics of this method include its straightforward operation, efficient execution speed, and its ability to perform objective and comprehensive feature extraction.

	In response to the issues of model over-complexity and the risk of multi-step forecasting errors, this study establishes the N-HiTS-G model for point and interval forecasting of soil temperatures. This model combines the neural hierarchical interpolation for time series forecasting methodology with Gaussian likelihood function, effectively enhancing the precision and stability of model. Compared to existing models based on RNNs and attention mechanisms, the proposed model not only achieves faster inference speed and higher forecasting accuracy but also produces stable forecasting intervals, enhancing its suitability for deployment and utilization in foliage plant facility cultivation environments.

	To reduce the time and labor costs associated with finding the optimal hyperparameters for the model, this study utilizes the multi-objective optimization algorithm to optimize the parameters of the model and further proposes the SP-N-HiTS-G model. Multi-objective optimization algorithm not only ensures the effectiveness of point and interval forecasting but also thoroughly explores the predictive performance of the model. The result indicates that the SP-N-HiTS-G model achieves more precise and stable multi-step forecasting of soil temperature in facility cultivation environments.






2 Methodology



2.1 Soil temperature forecasting framework

The architectural overview of the ST forecasting method proposed in this study primarily consists of three modules: data acquisition and preprocessing, selection of critical environmental factors, and forecasting of soil temperature. The initial module predominantly involves the utilization of various IoT sensors to gather environmental data within the greenhouse, and supplemented by employing linear interpolation techniques to address missing values, thus ensuring data integrity. The second module serves as a feature selection component, wherein we employ advanced gradient boosting tree models including XGBoost, LightGBM, and CatBoost to analyze and select important environmental factors pertinent to ST. This aids in reducing training time and enhancing predictive accuracy, thereby elevating model performance. In the third module, we establish a novel forecasting model based on SP-N-HiTS-G, which features high accuracy, rapid inference, and the ability to generate forecasting intervals. This model can reliably achieve precise and stable 1-step (20 minutes ahead), 3-step (60 minutes ahead), and 6-step (120 minutes ahead) point and interval forecasting of ST. The architectural diagram is depicted in Figure 1.

[image: Flowchart illustrating a data collection and forecasting process. The process begins with IoT device data collection, involving sensors for temperature, humidity, carbon dioxide, and soil. It proceeds through data collection, missing value filling, normalization, and partitioning. Feature selection is achieved using models like XGBoost, LightGBM, and CatBoost to rank feature importance. The ST point and interval forecasting section involves model training, SMPSO parameter optimization, and output of forecasting results, with a graph depicting soil temperature predictions over time.]
Figure 1 | Short-term multi-step forecasting method architecture for soil temperature.




2.2 Study area and data sources

The experimental site for this study is located at the plant cultivation base in Yunfu City, Guangdong Province, China (latitude 22°97’’N, longitude 111°82’’E). The distribution and real conditions of the base are illustrated in Figure 2. The Big Apple is currently one of the most popular varieties of Aglaonema in the potted plant market (Hui et al., 2023). With its vivid crimson foliage, the Big Apple symbolizes prosperity and good fortune. Placing the Big Apple within homes or gardens not only offers a heightened aesthetic appeal but also carries profound symbolic significance. Thriving in warmth, the Big Apple exhibits remarkable sensitivity to environmental fluctuations. Optimal soil temperatures for its growth range around 27°C during the day and 22°C at night. While it can withstand temperatures as low as 15°C in winter, ensuring a minimum temperature above 20 °C is essential for sustaining its normal growth (You et al., 2024).

[image: Map showing Yunfu City in Guangdong Province, China, highlighted within the country. A detailed inset shows the city's topography, with elevation variations. An aerial satellite image focuses on an area within Yunfu, marked by a red dashed line. The coordinates given are latitude 22°97' N and longitude 111°82' E.]
Figure 2 | Research area distribution.

To ensure the smooth progression of experiments, research team established a IoT remote monitoring platform. As illustrated in Figure 3, we utilized an array of IoT sensors to collect environmental data including air temperature, air humidity, carbon dioxide, soil temperature, soil moisture, and soil conductivity. The specific parameters of the sensor devices are detailed in Table 1. Soil monitoring sensors are positioned approximately 15 centimeters deep within the soil, while environmental monitoring sensors are installed at a height of 2.4 meters above the ground, obtaining data with minimal interference (Placidi et al., 2021; Yang et al., 2023). The collected real-time environmental data is transmitted through router nodes to both the on-site monitoring workstation and the remote cloud platform. The on-site monitoring workstation is equipped with relevant predictive algorithms, which facilitate real-time forecasting of environmental factors. It integrates personalized managements with facility equipment (such as water containers, air conditioners, and fans) to achieve effective environmental control and adjustment, thereby precisely establishing the optimal cultivation environment for foliage plants. Moreover, the remote cloud platform enables management personnel to conveniently access and download relevant data via personal computers or mobile devices, facilitating further data analysis and research.

[image: Diagram illustrating a smart farming system. Components include a cloud server, database, and platform connected via 4G, 5G, and Wi-Fi. A gateway connects to a workstation, which controls a greenhouse with air conditioning, fans, shade curtains, water containers, and drip irrigation. Data acquisition and environmental sensors gather information from a farming site and camera, displaying images of a greenhouse, crops, and plants. Management team accesses data through PCs and smartphones via the internet.]
Figure 3 | Topology diagram of remote monitoring platform.

Table 1 | Internet of things sensor parameters.


[image: Table listing environmental factors, their measurement ranges, monitoring accuracies, and protocols. Air humidity and soil moisture range from zero to one hundred percent, accuracy ±5, using IIC and Modbus protocols respectively. Air temperature ranges from minus forty to one hundred five degrees Celsius, accuracy ±0.4, using IIC. Carbon dioxide ranges from zero to fifty thousand ppm, accuracy ±10, using PWM. Soil temperature ranges from minus twenty to seventy-five degrees Celsius, accuracy ±0.3, using Modbus. Soil conductivity ranges from zero to nine hundred ninety-nine point nine microsiemens per centimeter, accuracy ±5, using Modbus.]



2.3 Selection of input variables

Environmental regulation under complex settings in facility cultivation is a typical multivariable time series forecasting task. Combining multiple environmental factors from on-site for multivariate ST forecasting can improve predictive performance. Nevertheless, directly using all environmental variables for training increases both model training time and complexity. Moreover, irrelevant environmental factors could potentially decrease predictive accuracy. Therefore, precise feature selection is crucial. Previous studies predominantly relied on traditional statistical feature selection methods, such as association and correlation analysis (He et al., 2022; Li et al., 2024). Although these methods are simple and convenient, they have several limitations, including stringent statistical assumptions, an emphasis on relationship strength while overlooking trends, and subjectivity in assessing feature importance (Asamoah, 2014). These issues considerably diminish their effectiveness in the complex environments of facility cultivation. Gradient boosting tree models, such as XGBoost (Chen and Guestrin, 2016), LightGBM (Ke et al., 2017), and CatBoost (Prokhorenkova et al., 2018), use decision trees as weak learners. These models not only provide feature importance ranking but, similar to deep learning models, learn by optimizing the loss function. This makes them particularly well-suited for feature extraction in high-dimensional and long data scenarios.

The feature selection approach based on gradient boosting tree models is outlined as follows: XGBoost, LightGBM, and CatBoost models employ split gain as a metric for feature measurement and use ensemble learning to rank the importance of features related to the target. They utilize method of progressively eliminating less important features and iteratively training the model for optimization. This means that the three models gradually select features while observing training results and ensuring that model accuracy remains intact until the best forecasting performance is achieved. This method effectively selects important features contributing to the target while discarding irrelevant ones, thereby reducing data dimensionality and enhancing computational efficiency. The results from the three sets of experiments not only complement each other but also serve as mutual references, ensuring the robustness and reliability of the experiments while preventing experimental randomness.




2.4 Soil temperature forecasting model



2.4.1 N-HiTS model

BN Oreshkin et al. (Oreshkin et al., 2019) introduced the N-BEATS model in 2019 for time series forecasting tasks, showcasing state-of-the-art performance on the time series forecasting task. The N-BEATS model not only efficiently handles various types of trends, cycles, and seasonality in time series but also addresses multivariate and long-term forecasting problems more effectively. The core principle of the N-BEATS model lies in its utilization of stacked fully connected neural network blocks, with each block capable of handling patterns at different time scales. This architecture enables the model to discern both short-term fluctuations and long-term trends in time series data. Specifically, the input of each block is the previous block’s input subtracted by the output of the previous block. In this manner, each layer of the block handles the residuals that previous layers failed to properly fit, serving to decompose and forecast the time series in a layered manner. Additionally, the N-BEATS model incorporates multiple forecasting stacks, each tasked with forecasting different features or time ranges within the time series. By employing a weighted loss function to balance the contributions of various scales, the model achieves more precise forecasting.

N-HiTS represents a refinement of the N-BEATS model, aimed at further elevating its multi-step forecasting abilities (Challu et al., 2023). N-HiTS introduces innovative techniques such as multiple-rate sampling and multi-level hierarchical interpolation, which not only reduce computational demands but also enhance predictive accuracy effectively. As shown in Figure 4. Specifically, expanding upon the foundation laid by N-BEATS, N-HiTS incorporates a MaxPool layer before each block for pooling operations, effectively sampling the time series into sequences of multiple granularities. The frequency or scale of the time series is related to the pooling kernel size of the MaxPool layer. This approach not only simplifies model training complexity but also boosts forecasting efficiency while curbing the risk of overfitting. Since each input sequence undergoes down-sampling, interpolation is required for the block outputs to up-sample the output quantity to match the forecasting horizon. Overall, the model is capable of efficiently and accurately handling multivariate forecasting tasks, making it well-suited for timely early warning and control in facility cultivation environments.

[image: Diagram illustrating a model architecture with three sections: Model Input, Stack Input, and Block Input. Model Input includes multiple stacks ending with a global forecast. Stack Input shows multiple blocks with stack residuals. Block Input contains a MaxPool and MLP stack leading to forecast and backcast outputs. Arrows indicate data flow between sections.]
Figure 4 | N-HiTS structure.




2.4.2 N-HiTS-Gaussian likelihood distribution model

The N-HiTS model demonstrates swift inference speed and excellent multi-step forecasting capabilities, particularly in capturing temporal trends. However, errors remain inevitable in multi-step forecasting, introducing uncertainty into the assessment and management of soil conditions. Therefore, adopting interval forecasting methods becomes essential to quantify the risks associated with point forecasting errors. In pursuit of soil temperature interval forecasting, we propose an interval forecasting model based on N-HiTS and Gaussian likelihood distribution. The Gaussian likelihood distribution is a novel approach for constructing forecasting intervals, primarily utilizing the Gaussian likelihood function as the loss function to guide the model training and output the probability distribution parameters of future data. The method is characterized by its simplicity in objectives, fewer parameters, and direct output of interval distributions, and high robustness. For clarity in subsequent discussions, we name this model N-HiTS-G, where G represents the Gaussian likelihood distribution.

As shown in Figure 5, the inputs for training our model primarily consist of historical targets [image: Mathematical notation displaying a sequence: \( X_{t} = [x_1, x_2, \ldots, x_{T_0-2}, x_{T_0}] \).]  and historical covariates [image: Mathematical expression showing a sequence: \( Z_{q} = [z_1, z_2, \ldots, z_{n0-2}, z_{n0}] \).] . [image: Please upload the image or provide a URL to it, and I will help you generate the alternate text.]  and [image: Mathematical notation of the letter "Z" with a subscript "t".]  together form a multivariate time series. Besides, our target forecasting is denoted by [image: Equation showing \( C_t = [x_{T+1}, x_{T+2}, \ldots, x_{T-1}, x_T] \), representing a sequence or set of values indexed by time or position variables.] , representing future data of observations. The primary objective of the model is to forecast the probability distribution [image: Please upload an image or provide a URL for me to generate the alt text.]  of each subsequent observation for [image: The equation shows "T minus T subscript zero."]  based on a historical data sequence of length [image: Mathematical symbol "T" with a subscript "zero".] . We can define the probability distribution [image: Please upload the image you'd like me to describe.]  for future observations as follows:

[image: Flowchart depicting the N-HiTS model structure for time series forecasting. It begins with input variables \(z_1, x_1, \ldots, z_{T0}, x_{T0}\), followed by multiple stacks. Stacks process these inputs, leading to Gaussian likelihood calculation for distribution parameters \((\mu, \sigma)\). This feeds into Monte Carlo simulation, outputting variables \(c_1, \ldots, c_n\), which correspond to forecasted values \(x_{T0+1}, \ldots, x_T\). Each component is color-coded for clarity.]
Figure 5 | N-HiTS-G structure.

[image: The image shows a mathematical equation for a probability distribution. It expresses the probability of a sequence of observations \( c_{1:T} \) given inputs \( x_{1:T} \) and \( z_{1:T} \). The equation is presented as a product of individual probabilities \( p(c_t \mid x_{1:t-1}, z_{1:t-1}) \), simplified to \( p(c_t \mid \theta(h_t), \Theta) \). A product notation for \( t = 0 \) to \( T \) is used on both sides of the equation.] 

[image: Mathematical equation showing \( h_t = h(h_{t-1}, x_t, x_{t-1}, \Theta) \). Documented as equation (2).] 

Here, [image: Image displaying a lowercase letter "h" in a bold, serif font style, commonly used as a typographic element.]  represents the N-HiTS forecasting model, [image: Mathematical notation showing the variable \( h_t \), commonly used to represent a specific parameter or variable in equations or expressions.]  signifies the output of N-HiTS at time point t, [image: A black theta symbol is centered on a white background.]  stands for the model parameters of N-HiTS-G, and [image: It seems there was an issue with the image upload. Please try uploading the image again, and I will be happy to help create the alt text for it.]  denotes the likelihood parameters of the Gaussian likelihood function.

Specifically, during training, at each time point, the network input comprising the target data [image: It seems there was an issue with the image upload. Please try uploading the image again, and I will assist you in generating the alternate text.]  and covariates [image: Mathematical notation showing the letter "Z" with a subscript "t", commonly used in equations to represent a variable or specific element in a sequence or set.]  from the previous [image: Mathematical symbol showing the letter "T" with a subscript "0".]  time periods, along with the output [image: Equation representing a variable: the letter "h" with a subscript of "t minus 1".]  of the neural network at the previous time step. The model’s internal parameters are updated by maximizing the log-likelihood function [image: Mathematical expression: the logarithm with subscript \( G \) of \( c \) given \( \mu \) and \( \sigma \).] . Subsequently, the final layer of the stack is replaced with two multilayer perceptron (MLP) layers, which output the median and variance of the probability distribution for the target values. Monte Carlo (MC) methods are employed to resample the data, generating interval distributions for future target values. During the training of N-HiTS-G, the median of the forecasting interval is used as the point forecast output for fitting the residuals between different blocks. The Gaussian likelihood function [image: Mathematical expression showing the log-likelihood of a Gaussian distribution: \( l_G(c | \mu, \sigma) \), where \( c \) represents data, \( \mu \) is the mean, and \( \sigma \) is the standard deviation.]  is defined as follows:

[image: Formula for a normal distribution: \(f_G(c|\mu, \sigma) = \frac{1}{\sqrt{2 \pi \sigma^2}} e^{-\frac{(c-\mu)^2}{2\sigma^2}}\).] 

As for the parameters of the mean [image: The expression "μ(hₜ)" is shown, representing a function or variable typically used in mathematical or scientific contexts, where "μ" denotes a constant or mean value related to "h" at time "t".]  and the standard deviation [image: Mathematical expression showing sigma of h sub t, denoted as σ(h_t).]  in these likelihood functions, we map them through the output [image: The image shows a lowercase letter "h" followed by a subscript "t", indicating a variable or mathematical notation typically used to represent a specific value or index in a sequence.]  of N-HiTS, with the calculation formula as follows:

[image: Equation showing a linear function \(u(h_t) = w h_t + b\), where \(w\) is a weight, \(h_t\) is a variable, and \(b\) is a bias term.] 

[image: Sigmoid activation function formula: \(\sigma(h) = \frac{1}{1 + \exp(w h + b)}\).] 

Based on this, data analysis of the forecasting interval distribution is conducted. The median of the forecasting interval distribution serves as the point forecasting value. Additionally, a specified confidence level is set to derive the final forecasting interval. This confidence level not only provides the range where the target is likely to lie but also indicates its accuracy, offering richer and more reliable information than point forecasts, which aids in risk management.




2.4.3 Soil temperature forecasting based on SP-N-HiTS-G model



2.4.3.1 Parameter determination issue

Although N-HiTS-G has the potential to demonstrate superior point forecasting and interval forecasting performance, it is constrained by initialization parameters. Due to the continual stacking of MLP blocks and utilization of pooling layers, N-HiTS-G involves a greater number of hyperparameters compared to typical time series forecasting models. The increased scale and sensitivity of the hyperparameters significantly reduces the practicality of traditional grid search methods. Therefore, to address the issue of parameter determination, this study employs the multi-objective optimization algorithm to optimize the initialization parameters of N-HiTS-G. In order to simultaneously ensure both the point and interval forecasting performance of N-HiTS-G, the optimization objectives of optimization algorithm are defined as the point forecasting metric MAE and the interval forecasting metric CWC.




2.4.3.2 Speed-constrained multi-objective particle swarm optimization algorithm

Particle Swarm Optimization (PSO) is a swarm intelligence optimization algorithm inspired by the foraging behavior of birds (Kennedy and Eberhart, 1995). This algorithm mimics the behavior of birds searching for food in a search space. When the bird swarm does is unaware of the exact location of food, individual birds rely on their memory of the best position and the collective experience of the bird swarm to search for food.

To further expand the application of the PSO algorithm, scholars have endeavored its applicability to Multi-objective optimization. They have proposed the Multi-objective Particle Swarm Optimization (MOPSO) algorithm, incorporating the notions of external archives and the Pareto dominance principle (Coello and Lechuga, 2002). Despite its merits, MOPSO encounters challenges related to convergence and search capabilities. In response, Myster and Moe (1995) introduced the Speed-constrained Multi-objective Particle Swarm Optimization (SMPSO) as an enhancement to MOPSO. Building upon the foundation of MOPSO, SMPSO imposes constraints on particle velocities to prevent them from straying beyond the feasible solution space, thereby ensuring the stability of particle movement.




2.4.3.3 Operational steps of the SP-N-HiTS-G model

To search for the optimal hyperparameters of N-HiTS-G, start by defining the hyperparameter space as a unified entity, where each instance represents a unique combination of hyperparameters. Next, utilize the SMPSO algorithm to initialize this space, evaluating the fitness of each hyperparameter combination. Subsequently, refine both the particle swarm information and the Pareto archive. For ease of discussion, we refer to the N-HiTS-G model optimized by SMPSO as the SP-N-HiTS-G model, where SP denotes the SMPSO algorithm. The optimization process of SP-N-HiTS is shown in Figure 6, with the optimization approach outlined as follows:

[image: Flowchart illustrating the process of optimizing parameters for N-HiTS-G. It starts with defining the initial parameter range and objective function. SMPSO parameters are initialized, followed by individual best solutions and generating a Pareto particle archive. The global best solution is set. The loop involves updating particle velocities and positions, calculating fitness, updating individual and global bests, and generating the Pareto archive. The process checks if the iteration count has reached an upper limit, ending if yes, or continuing if no.]
Figure 6 | The flowchart of the SP-N-HiTS-G model.

Step 1: Define the hyperparameters of the N-HiTS-G model to be optimized along with their ranges, setting Mean Absolute Error (MAE) and Coverage Width Standard (CWC) as objective functions. The parameter search range for N-HiTS-G is outlined in Table 2, with all parameters ultimately yielding integer values.

Table 2 | Search range of hyperparameters for N-HiTS-G.


[image: A table with three columns: "hyperparameters," "Describe," and "Range." Entries: "n_blocks" with description "Number of blocks for each stack," range [1-5]. "mlp_units" described as "Structure of hidden layers for each stack type," range [100-500]. "n_pool_kernel_size" with "List with the size of the windows to take a max over," range [2-5]. "n_freq_downsample" described as "List with the stack’s coefficients," range [1-5]. "lookback period" with "Time window of historical data used to predict future data," range [5-24].]
Step 2: Initialize the parameters of SMPSO, update the individual best positions and global best position of the particle swarm, and establish the Pareto particle archive.

Step 3: Iteratively update the individual information (velocity, position) of the particle swarm and the global best position.

Step 4: Calculate MAE and CWC of N-HiTS-G based on the parameter combinations optimized by SMPSO.

Step 5: Determine if the maximum iteration count has been reached. If satisfied, proceed to Step 6; otherwise, return to Step 3 for further iteration.

Step 6: Conclusion, returning the optimal parameter combination for the N-HiTS-G model.






2.5 Data preprocessing



2.5.1 Missing data repair

The experiment utilized greenhouse environmental data collected from February 14, 2024, to May 4, 2024, with a sampling interval of 20 minutes, yielding a total of 5767 data points. Due to the influence of climate variations and network fluctuations, a negligible amount of data was unavoidably lost during the data collection process by the IoT sensors. However, leaving these gaps untreated would render the model unable to train. Based on the inherent characteristics of time series data, this study employed linear interpolation to fill in missing values. Assuming there is a missing value [image: It seems there was an error with the image upload. Please try uploading the image again or provide a URL.]  at a certain position [image: I'm sorry, but I can't view the image directly. Please upload the image file for me to analyze and generate alt text.]  between coordinates [image: Mathematical notation showing the point \( (x_0, y_0) \).]  and [image: Mathematical notation depicting a coordinate pair \((x_1, y_1)\), where \(x_1\) and \(y_1\) are variables representing a point on a Cartesian plane.] , the linear interpolation formula is:

[image: Linear interpolation formula: \( y = y_0 + (x - x_0) \frac{y_1 - y_0}{x_1 - x_0} \), labeled as equation 6.] 




2.5.2 Data and normalization

This study selected the first 4036 data samples (70%) as the training set and 866 data samples (15%) as the validation set for model parameter tuning. Subsequently, 865 data samples (15%) were chosen as the test set to assess and compare the point and interval forecasting performance of various models. To address potential inconsistencies in data dimensions and enhance forecasting model performance, we applied Min-Max normalization for data scaling.

[image: Mathematical formula for data normalization: \(x_{\text{new}} = \frac{x - x_{\text{min}}}{x_{\text{max}} - x_{\text{min}}}\). A reference to equation number seven is shown on the right.] 





2.6 Evaluation metrics



2.6.1 Point forecasting evaluation metrics

In this study, we evaluate the performance of point forecasting models using Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). The calculation formulas are as follows:

[image: The formula for RMSE, Root Mean Square Error, is shown as the square root of the sum of squared differences between observed values \( y_i \) and predicted values \( \hat{y}_i \), divided by the number of observations \( n \).] 

[image: Mean Absolute Error (MAE) is expressed as the formula: MAE equals one over n times the sum from i equals one to n of the absolute value of Y sub i minus y sub i.] 

[image: Formula for Mean Absolute Percentage Error (MAPE): MAPE equals one hundred divided by n, multiplied by the sum from i equals one to n of the absolute value of parentheses Y sub i minus y sub i divided by Y sub i.] 

Here, [image: Stylized letter 'Y' with subscript 'i', likely representing a variable in a mathematical or scientific context.]  denotes the predicted value at time point i, while [image: The expression "y subscript i" is shown, typically used in mathematical notation to denote a sequence or set of variables indexed by i.]  represents the observed value at time point i.




2.6.2 Interval forecasting evaluation metrics

This study evaluates the performance of interval forecasting models using Prediction Interval Coverage Probability (PICP), Prediction Interval Normalized Root Width (PINRW), Prediction Interval Normalized Average Width (PINAW), and Coverage Width Standard (CWC). Specifically, PICP reflects the coverage probability of the forecasting interval for observed values, with values ranging from 0 to 1. A higher PICP suggests that more observed values fall within the interval, indicating better forecasting performance. PINAW and PINRW metrics evaluate the width of the forecasting interval. A excessively wide forecasting interval diminishes the credibility of the information and fails to effectively characterize uncertainty. CWC, on the other hand, serves as a comprehensive metric that simultaneously considers both the coverage probability and width of the forecasting interval, providing a more intuitive measure of the forecasting interval quality.

[image: Equation showing the Prediction Interval Coverage Probability (PICP) formula. PICP equals one over \( N \) times the sum of \( C_i \) from \( i = 1 \) to \( N \). \( C_i \) is defined as one if \( y_i \) belongs to the interval \([y_i^L, y_i^U]\), and zero otherwise.] 

[image: Formula labeled as equation 12: \( \text{PINAW} = \frac{1}{N \times A} \sum_{i=1}^{N} |\bar{y}^U_i - \bar{y}^L_i| \).] 

[image: Equation representing PINRW, given by \( \frac{1}{A} \sqrt{\frac{1}{N} \sum_{i=1}^{N}(y_i^u - y_i^f)^2} \), labeled as equation 13.] 

[image: Equation for Coverage Width Criterion (CWC) defined as CWC equals PINAW times open parenthesis one plus gamma e to the power of n times open parenthesis PICP minus mu close parenthesis close parenthesis. Gamma is defined as zero if PICP is greater than or equal to mu, and one if PICP is less than mu. Equation number fourteen shown.] 

[image: Please upload the image or provide its URL so I can generate the appropriate alt text for you.]  represents the true value of the target variable, [image: Mathematical expression showing a variable \( y_i^u \), where \( y \) is the main variable, with subscript \( i \) and superscript \( u \).]  and [image: Mathematical notation of \( y_i^t \) with subscript \( i \) and superscript \( t \).]  represent the upper and lower bounds of the forecasting interval, respectively. [image: A stylized black letter "A" with a serif font on a white background.]  is the range of the target values used for data normalization, [image: Please upload the image so I can generate the alt text for it.]  is the minimum threshold for the PICP, set here as 0.80. A low PICP indicates a lack of confidence in the forecasting interval. [image: Please upload the image you'd like me to generate alt text for.]  is the penalty coefficient for forecasting intervals with low PICP, set to 1 in this experiment. If the PICP is satisfactory, the CWC is not affected by the PICP.






3 Result and discussion



3.1 Experimental environment

The experiment was conducted on a workstation running Ubuntu 18.04 Linux operating system, featuring an Intel(R) I7-13700H 5.0 GHz CPU, 16GB RAM, and an NVIDIA GeForce RTX3060 GPU. The algorithmic model was trained and tested in an environment utilizing Python 3.8.5, Scikit-Learn 1.1.1, and PyTorch 2.1.0. During the process of feature selection, experiments were performed using default parameters of XGBoost, LightGBM, and CatBoost.




3.2 Analysis and selection of important environmental factors

ST forecasting can be regarded as a time series forecasting problem, utilizing environmental data from previous time periods, including ST and other environmental factors, to forecast ST for the subsequent time period. Therefore, the initial step involves transforming the raw data into supervised learning data using a time lag method, followed by training with XGBoost, LightGBM and CatBoost models. During the training process, we obtained rankings for feature importance and iteratively reduced the number of features. The RMSE was used as the evaluation metric to assess the predictive performance of the model. The experimental results are presented in Table 3 and Figure 7. Although there are slight differences in the feature importance scores among the three models, they exhibit a consistent overall ranking of feature importance. From highest to lowest importance, the order of features is consistently as follows across all models: soil temperature, air temperature, air humidity, soil moisture, light, soil conductivity, and carbon dioxide.

Table 3 | Ranking of the importance of different environmental factors.


[image: Table comparing environmental factors' impact on models: LightGBM, XGBoost, and CatBoost. Factors include soil temperature (LightGBM: 0.256, XGBoost: 0.868, CatBoost: 0.670), air temperature, air humidity, soil moisture, light, soil conductivity, and carbon dioxide. Values differ across models.]
[image: Line graph comparing LightGBM, XGBoost, and CatBoost models based on root mean squared error across one to seven features. LightGBM starts at 0.24 and decreases, then increases sharply after three features. XGBoost starts at 0.2, decreases to a minimum at three, then gradually increases. CatBoost follows a similar pattern as XGBoost, but with a more pronounced increase after three features. A purple dashed line highlights the third feature.]
Figure 7 | Comparison of performance for different feature combinations.

Moreover, from Figure 7, we observe that regardless of whether it is XGBoost, LightGBM, or CatBoost, when the number of features is set to three, including the previous soil temperature, previous temperature, and previous humidity, the three models exhibit the best forecasting performance. Their RMSE values are 0.175, 0.183, and 0.192 respectively. In contrast, other feature combinations result in increased forecasting errors. Therefore, in this experiment, utilizing previous soil temperature, previous air temperature, and previous air humidity data as crucial features, and feeding them into the final forecasting model to enhances ST predictive accuracy. We will further demonstrate the efficacy of this feature selection method in Experiment 3.6.




3.3 Performance of different forecasting models of soil temperature

To validate the point and interval forecasting performance of the SP-N-HiTS-G model, this study conducted comprehensive experiments and comparisons with a range of common and advanced forecasting models. For point forecasting, the comparative models primarily including ARIMA, LSTM, GRU, LSTM-Attention, N-HiTS, Temporal Fusion Transformer (TFT) (Lim et al., 2021), and Informer (Zhou et al, 2021). ARIMA, LSTM, GRU, and LSTM-Attention are among the most widely used time series models in past studies on greenhouse environment forecasting (Zeynoddin et al., 2020; Liu et al., 2022; He et al., 2022; Yang et al., 2023), while TFT and Informer represent advanced forecasting models known for their innovative use of attention mechanisms. By optimizing the attention mechanism module, their excellent forecasting capability has been validated in various fields, including energy and transportation (Wei et al., 2023; Zhang et al., 2022).

For interval forecasting, the study compared the SP-N-HiTS-G model with DeepAR and MQRNN models (Salinas et al., 2020; Wen et al., 2017). DeepAR, similar to our proposed model, employs maximum likelihood estimation for updating parameters in interval forecasting. However, it utilizes the LSTM as a feature extractor and follows a recursive forecasting approach. In addition, the MQRNN model combines efficient local information handling using CNNs with sequence modeling capabilities of RNNs, demonstrating commendable forecasting performance. Furthermore, the experiments were complemented with three commonly used interval construction methods: error fitting, bootstrap, and quantile Loss method (Niu et al., 2022; Xiao et al., 2022; Li et al., 2023). The error fitting method primarily constructs intervals using parameters or non-parameter fitting results of point forecasting errors, often employing kernel density estimation. Bootstrap, on the other hand, approximates forecasting intervals by resampling and randomly selecting results from point forecasting errors. Moreover, The quantile loss is a regression loss function based on quantiles. It partitions predicted values into different quantiles and measures the loss of actual values at corresponding quantiles in the predicted distribution. For clarity in subsequent discussions, we named these three interval construction method models respectively as N-HiTS-E (E for error fitting), N-HiTS-B (B for bootstrap), and N-HiTS-Q (Q for quantile loss).

To ensure the fairness and rigor of the experiments, we maintained consistency across all models by using identical inputs and outputs. Furthermore, we used an early stopping mechanism to prevent over-fitting and promote model generalization. If the model performance on the validation set does not improve for more than 50 epochs, training was terminated to reduce unnecessary computational expenses. This study encompassed three distinct forecasting tasks: 1 step (20 minutes ahead) forecasting, 3-step (60 minutes ahead) forecasting, and 6-step (120 minutes ahead) forecasting of ST. Regarding the hyperparameter selection for models other than SP-N-HiTS, a hybrid approach combining grid search and manual fine-tuning methods was adopted. This method enabled us to explore optimal parameters within a reasonable range for the baseline forecasting models. The experimental findings are presented in Tables 4–6, and Figure 8, we observe that all models perform well in single-step forecasting. However, as the forecast horizon extends, the predictive performance of ARIMA deteriorates significantly, revealing the difficulty of mathematical models in achieving accurate multivariate multi-step forecasts. Furthermore, the forecasting curves of models from previous studies, such as LSTM and LSTM-Attention, exhibit a significant decline in their alignment with the original values, accompanied by substantial fluctuations, which indicates instability and reduces their practical value. Overall, the SP-N-HiTS-G model proposed in this study exhibits the most stable point forecasting performance across varying forecast horizons, surpassing both models from prior research and other advanced forecasting approaches.

Table 4 | Experimental results of 1-step soil forecasting (20 minutes ahead).


[image: A table comparing various models on metrics such as RMSE, MAE, MAPE, PICP, PINRW, CWC, and training time in seconds. The models include ARIMA, LSTM, GRU, and others. Metrics have slashes where data is not provided. Informer shows superior performance with the lowest RMSE and MAE in bold. SP-N-HiTS-G shows the best CWC and training time in bold.]
Table 5 | Experimental results of 3-step soil forecasting (60 minutes ahead).


[image: Comparison table of various models showing performance metrics: RMSE, MAE, MAPE, PICP, PINRW, CWC, and Train-time in seconds. Notable values include SP-N-HiTS-G with the lowest RMSE (0.237), MAE (0.136), and CWC (0.053), and the shortest train-time of 18.95 seconds. Bold font indicates superior performance.]
Table 6 | Experimental results of 6-step soil forecasting (120 minutes ahead).


[image: A table comparing performance metrics of various models including ARIMA, LSTM, GRU, and others. Metrics include RMSE, MAE, MAPE, PICP, PINRW, CWC, and training time. SP-N-HiTS-G shows superior performance with the lowest RMSE (0.393), MAE (0.243), MAPE (0.973), and the shortest training time (21.72 seconds). Bold text indicates superior performance.]
[image: Line graphs compare soil temperature predictions with real data across three forecasting models: 1-step, 3-step, and 6-step forecasting. Each graph shows multiple prediction methods, including LSTM, TFT, and SP-N-HiTS-G, against real data, over a time sample in twenty-minute intervals. The 6-step graph highlights a specific range.]
Figure 8 | Point forecasting results of different models.




3.4 Analysis of point forecasting model performance for different models

In single step forecasting, as illustrated in Table 4, the SP-N-HiTS-G model demonstrates excellent point forecasting performance to the advanced attention models such as TFT and Informer. Compared to the widely used LSTM model in previous studies, the SP-N-HiTS-G model demonstrates significant improvements in RMSE, MAE, and MAPE, with reductions of 0.102, 0.065, and 0.257, respectively. These results highlight the effectiveness of the method for ultra-short-term forecasting tasks. Furthermore, in contrast to the Informer model, which boasts optimal short-term point forecasting performance, the SP-N-HiTS-G model exhibits a significant reduction in training time on the workstation, decreasing from 168.0 s to 17.18 s. This acceleration in training speed caters to the need for swift decision-making and precise regulation in facility cultivation environments.

In the 3-step forecasting task, our proposed model exhibits optimal forecasting performance, with RMSE, MAE, and MAPE values of 0.237, 0.136, and 0.541, respectively. Compared to the LSTM model, the SP-N-HiTS-G model also shows significant improvements in RMSE, MAE, and MAPE, with reductions of 0.198, 0.195, and 0.815, respectively, indicating a significant enhancement in short-term multi-step predictive accuracy. Besides, the Informer model was the traditionally top-performing model for 3-step forecasting tasks, but the SP-N-HiTS-G model surpasses it. Specifically, in comparison to the Informer model, The SP-N-HiTS-G model exhibits increases of 2.4% in RMSE, 9.3% in MAE, and 10.7% in MAPE when forecasting the next 3-step. Moreover, the training time has been substantially reduced from 182.59s to 18.95s, representing a minor improvement in predictive accuracy alongside a significant reduction in training time.

In terms of 6-step forecasting, the performance of the SP-N-HiTS-G model significantly outpaces that of other baseline models. Its predicted curve closely tracks the trend of the actual curve, showcasing characteristics of high precision, stability, and rapid inference. Compared to LSTM model, the SP-N-HiTS-G model demonstrates reductions of 0.086, 0.133, and 0.608 in RMSE, MAE, and MAPE, respectively, for forecasting the next 6-step. Following closely behind the N-HiTS series models, TFT model emerges as the second most accurate model for 6-step forecasting. Compared to TFT model, the SP-N-HiTS-G model exhibits a 14.7%, 10%, and 9.6% increase in RMSE, MAE, and MAPE for forecasting the next 6 steps, respectively, while the training time decreases from 72.35 s to 21.72 s. In summary, the SP-N-HiTS-G model proposed in this study exhibits excellent and stable point forecasting performance across various time scales. Besides, compared to all attention mechanism models, the SP-N-HiTS-G model offers faster training speed, thus effectively meeting the demands for model parameter updates and real-time inference based on new data. This approach enables real-time training and updating of the model during data collection intervals, which holds significant value for more precise soil management practices.

Table 6 and Figure 8 illuminate on a notable trend: common benchmark models like LSTM and GRU exhibit a significant increase in errors, particularly in MAE and MAPE metrics, when they are used for 6-step forecasting. This suggests that these benchmark models struggle in capturing the cyclical patterns inherent in lengthy time series, leading to significant deviations (Javed et al., 2022). Moreover, Figure 8 highlights a distinct behavior observed in models incorporating attention mechanisms, including LSTM-Attention, Informer and TFT. They tend to manifest errors at the sharp edges of the test data, resulting in higher RMSE metrics. This inclination towards over-fitting arises from the attention mechanisms’ tendency to excessively exploit correlations between environmental factors and soil temperature. Such over-fitting is elusive during training, despite efforts to mitigate it using validation sets (Liu et al., 2024). In contrast, the N-HiTS model adopts a unique approach to feature extraction, steering clear of an overemphasis on deep feature extraction. Instead, it focuses on extracting temporal features from multiple time scales and employs pooling layers to mitigate excessive data information. This strategy yields greater stability in medium to long -term forecasting performance. Although it may lag slightly in single-step forecasting tasks, N-HiTS consistently demonstrates robustness and reliability in multi-step forecasting tasks.

Furthermore, Table 6 also reveals an interesting phenomenon worth noting. In contrast to its performance in 1-step to 3-step forecasting, DeepAR exhibits a notable decline in accuracy when tasked with 6-step forecasting. The decline can be attributed to DeepAR utilizing a recursive forecasting method, where the model recursively incorporates uses predicted values to forecast the next predicted value (In and Jung, 2022). The flaw in this approach lies in its heavy reliance on the feature extraction performance of the underlying model. Moreover, for data such as soil temperature which is nonlinear and highly volatile, the errors gradually accumulate as the forecasting steps increase, making it challenging to achieve accurate multi-step forecasting tasks of soil temperature. In contrast, the proposed model adopts a direct forecasting method, utilizing past data to directly forecast all future observations within the forecast horizon. Although this method is simple, it has proven to be effective, contributing to the optimization and reduction of errors during model training (Yaghoubirad et al., 2023). While its advantages may not be as apparent in 1-step to 3-step forecasting tasks, they become evident in the form of enhanced robustness and stability in 6-step forecasting endeavors.




3.5 Analysis of interval forecasting model performance for different models

Observations from Figure 8 reveal the adeptness of various benchmark models in handling 1-step forecasting tasks. However, as the forecasting horizon extends, discernible variances emerge in the forecasting efficacy among these benchmarks. Moreover, all models invariably generate some degree of point forecasting errors in multi-step forecasting tasks, particularly within regions of significant ST fluctuations. Therefore, the necessity of utilizing interval forecasting methodologies becomes more apparent in multi-step forecasting endeavors, facilitating a quantification of risks associated with multi-step forecasting inaccuracies.

In regard to interval forecasting, it is evident from Tables 5 and 6 that, owing to the irregular variations in the ST data, especially its instability at the peaks and corners of the change curve, common interval forecasting methods typically demonstrate a low PICP, particularly noticeable in multi-step forecasting scenarios. Figures 9 and 10 illustrate the multi-step interval forecasting effects of different methods. It is worth noting that, with a 90% confidence level, the DeepAR model, QRNN model, and N-HiTS-Q model consistently show a low PICP, whereas the PINRW and CWC metrics are excessively high. This indicates that the forecasting intervals generated by these three models neither sufficiently encompass the observed values nor are they of appropriate width, resulting in a lack of credibility and stability. Therefore, they fail to accurately quantify the bias introduced by point forecasting. Although the forecasting intervals formed based on Error Fitting and Bootstrap exhibit an overall good width, they display locally excessive intervals within the stable forecasting range. This occurs because, during the experiment, the validation set error does not perfectly mirror that of the test set. The fixed addition and subtraction of error values amplify the uncertainty within the forecasting intervals, lacking the requisite flexibility and diversity.

[image: Six graphs and three bar charts compare soil temperature predictions over time using different models. The graphs show data plotted against time samples, with shaded areas indicating model predictions: SP-N-HiTS-G (blue), N-HiTS-G (red), N-HiTS-Q (yellow), DeepAR (green), QRNN (purple), N-HiTS-E (pink), and N-HiTS-B (brown). Red boxes highlight specific data points. Bar charts display performance metrics (PICP, PINRW, CWC) with color-coded bars for each model.]
Figure 9 | Performance comparison of different Interval forecasting methods in 3-step forecasting.

[image: Six plots display soil temperature predictions over time compared with real data. Each plot features a different model: SP-N-HiTS-G, N-HiTS-G, N-HiTS-Q, DeepAR, QRNN, N-HiTS-E, and N-HiTS-B, shown with colored shaded areas indicating variance. Real data is marked with black dotted lines. Red boxes highlight areas of interest. Three bar charts below compare model performance metrics: PICP, PINRW, and CWC, with each model represented by different colored bars.]
Figure 10 | Performance comparison of different Interval forecasting methods in 6-step forecasting.

The forecasting interval generated by the SP-N-HiTS-G model adeptly balances high interval coverage rates with appropriately narrow interval widths. This achievement owes largely to the stable time series feature extraction capabilities of the N-HiTS model and the remarkable flexibility and adaptability of the Gaussian likelihood distribution. In comparison to the DeepAR model, the proposed model exhibits satisfactory interval forecasting performance, with CWC improvements of 0.012, 0.111, and 0.302 for 1, 3, and 6-step forecasting, respectively. Even amidst high data volatility scenarios, this model accurately tracks the evolving trends of ST.




3.6 Performance analysis of feature selection method

Feature selection has the capability to enhance the predictive accuracy of models and reduce their training duration. To elucidate the efficacy of feature selection in optimizing the performance of forecasting models, we inputted different feature combinations obtained from the importance ranking in Experiment 3.2 into the SP-N-HiTS-G model for training and testing in 6-step forecasting task. The results from Table 7 show that the SP-N-HiTS-G model achieves optimal predictive performance with three features, validating the accuracy of the feature selection outcomes in Experiment 3.2. After feature selection, the SP-N-HiTS-G forecasting shows respective increases of 4.3%, 4.1%, and 11.6% in RMSE, MAE, and CWC, compared to directly inputting all features. In conclusion, the feature selection method proposed in this study proves to be efficient.

Table 7 | Comparative analysis of forecasting performance of different feature combinations.


[image: Table displaying performance metrics for seven features. Metrics include RMSE, MAE, MAPE, PICP, PINRW, and CWC. Feature 3 shows superior performance with bold values: RMSE 0.393, MAE 0.243, MAPE 0.973, and CWC 0.077.]



3.7 Comparison of different parameter search methods

To assess the effectiveness of the SMPSO algorithm, we conducted three sets of comparative experiments. The first set used grid search, the second set applied the single-objective optimization algorithms PSO and SSA, and the third set involved the multi-objective optimization algorithms MOPSO and SMPSO. In the case of single-objective optimization, as only one objective could be optimized, we chose the point forecast metrics MAE as the optimization goal. Conversely, the multi-objective optimization algorithms employed both the point forecast metrics MAE and the interval forecast metric CWC as optimization objectives. The results, as shown in Table 8 and Figure 11, reveal the following:

	The grid search method produces a balanced model that ensures good point forecast performance while also considering interval forecast performance, making it a reliable method, although it requires a significant amount of time. However, its overall performance is not the best.

	Single-objective optimization algorithms have the potential to enhance model point forecast performance. However, overall, the models optimized by PSO and SSA generate inadequate forecasting intervals, evidenced by high CWC metrics. This suggests that single-objective optimization algorithms fail to consider both point and interval forecast performances simultaneously, although it reduces the parameter search time.

	Multi-objective optimization algorithms not only optimize the parameter search time but also ensure both accuracy and stability in point and interval forecasting. Moreover, compared to the MOPSO algorithm, the forecasting model optimized by SMPSO achieves the best overall results in both point and interval forecasts. This indicates that the SMPSO algorithm has superior and stable parameter search capabilities, making it highly practical for early warning and dynamic regulation of soil conditions.



Table 8 | Comparative analysis of forecasting performance of different parameter search methods.


[image: A table compares five methods: Grid Search, PSO, SSA, MOPSO, and SMPSO using metrics RMSE, MAE, MAPE, PICP, PINRW, and CWC. SMPSO shows superior performance in RMSE (0.393), MAE (0.243), MAPE (0.973), and CWC (0.077). SSA also excels in MAE and MAPE. Bold values indicate the best performance.]
[image: Scatter plot comparing RMSE and CWC values for different optimization methods. Grid Search is shown as a green triangle, PSO as a gold star, SSA as a dark green diamond, MOPSO as a red triangle, and SMPSO as a pink square.]
Figure 11 | Forecasting performance results of different parameter search methods on N-HiTS-G.





4 Conclusion

Foliage plants are crucial for promoting urban greening and agricultural economic development. These plants have high requirements for environmental conditions, and a suitable soil temperature range can effectively promote their growth and development, ensuring stable yield and excellent ornamental value. Given the coupling, non-linearity, and complexity of soil temperature variations, this study proposes a rapid and efficient multivariate forecasting method, which can accurately predict soil temperature trends for the next 20, 60, and 120 minutes. Experimental results show that our proposed multivariate, multi-step forecasting model based on SP-N-HiTS-G outperforms other models, demonstrating both superior accuracy and enhanced stability in forecasting performance. The key research content is as follows:

	To address the issue of high-dimensional data, this study employs Gradient Boosting Tree models as feature selectors to identify important environmental factors related to soil temperature. After feature selection, the proposed model achieved reductions in RMSE, MAE, and CWC by 0.018, 0.010, and 0.044% respectively for forecasts up to 120 minutes, demonstrating that this feature selection method can effectively extract important environmental factors, reducing model training time while enhancing predictive accuracy.

	This study established a novel forecasting model based on N-HiTS-G, which combines the N-HiTS model with a Gaussian likelihood function. The model can accurately forecast future soil temperature trends, with a stable inference speed of around 20 seconds. Compared to commonly used or advanced benchmark models, this model offers higher predictive accuracy and faster inference speeds. Furthermore, it produces reliable forecasting intervals, effectively reducing the uncertainty of multi-step forecasting.

	This study employs the multi-objective optimization algorithm SMPSO to address the parameter determination problem in the forecasting model. Compared to grid searching or manual tuning, this method significantly reduces the labor and time costs associated with determining model parameters. Moreover, compared to single-objective optimization algorithms, multi-objective optimization can train more precise and stable models. The optimized SP-N-HiTS-G model provides forecasts with MAE values of 0.057, 0.136, and 0.241 for 20, 60, and 120 minutes into the future respectively, accompanied by outstanding interval forecasting performance, making it more suitable for facility cultivation environment applications.



This study provides guidance for important issues related to environmental optimization in facility cultivation, helping to optimize cultivation conditions, improve plant growth efficiency, thus promoting the development of sustainable agriculture. Moreover, this study also contributes to the application of artificial intelligence technology in smart agriculture scenarios, such as agricultural intelligent monitoring systems (Chamara et al., 2022), multi-modal environmental monitoring that integrates visual and temporal technologies (Li et al., 2024), and the use of smart agricultural robots (Roldán et al., 2018). Our model not only achieves accurate and reliable multi-step interval forecasting but can also be widely applied in edge-side inference for intelligent equipment, environmental optimization, and energy conservation, demonstrating higher practical value in real-world facility cultivation environments. In the future, we hope to further refine our approach. Specifically, We will continue to apply methods for real-time model updates under facility cultivation, as well as conduct research on accurate forecasting models for longer forecasting periods.
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Real-time monitoring of rice-wheat rotation areas is crucial for improving agricultural productivity and ensuring the overall yield of rice and wheat. However, the current monitoring methods mainly rely on manual recording and observation, leading to low monitoring efficiency. This study addresses the challenges of monitoring agricultural progress and the time-consuming and labor-intensive nature of the monitoring process. By integrating Unmanned aerial vehicle (UAV) image analysis technology and deep learning techniques, we proposed a method for precise monitoring of agricultural progress in rice-wheat rotation areas. The proposed method was initially used to extract color, texture, and convolutional features from RGB images for model construction. Then, redundant features were removed through feature correlation analysis. Additionally, activation layer features suitable for agricultural progress classification were proposed using the deep learning framework, enhancing classification accuracy. The results showed that the classification accuracies obtained by combining Color+Texture, Color+L08CON, Color+ResNet50, and Color+Texture+L08CON with the random forest model were 0.91, 0.99, 0.98, and 0.99, respectively. In contrast, the model using only color features had an accuracy of 85.3%, which is significantly lower than that of the multi-feature combination models. Color feature extraction took the shortest processing time (0.19 s) for a single image. The proposed Color+L08CON method achieved high accuracy with a processing time of 1.25 s, much faster than directly using deep learning models. This method effectively meets the need for real-time monitoring of agricultural progress.




Keywords: UAV image, agricultural progress, deep learning, rice-wheat rotation, classification




1 Introduction

In the rice-wheat rotation areas, strictly following the rotation schedule is essential for the full growth and maturity of both crops and for effective agricultural progress management. Timely harvesting of rice is crucial for maximizing the utilization of seasonal and land resources for subsequent wheat planting. Late rice harvesting results in delayed wheat sowing, thereby affecting the entire growth cycle of wheat, especially its growth and maturation stages. Conversely, early harvest of rice affects its yield (Zhang L. et al., 2024). Time management and precise agricultural progress are essential in ensuring that crops are sown and harvested at optimal times, thereby improving the overall yield and quality. As rice and wheat production scales up, mastering the agricultural progress of different fields is critical for improving the overall work efficiency. A timely and accurate understanding of the agricultural progress of different fields is essential for effective agricultural management, enabling better planning and execution of key planting and harvesting activities to optimize crop production (Khormizi et al., 2024). Currently, agricultural progress monitoring is mainly conducted through manual surveys and records, which are labor-intensive and are easily susceptible to subjective factors (Du et al., 2024).

In recent years, the application of UAV remote sensing technology in agriculture has gained widespread attention. UAVs have become important tools for agricultural monitoring owing to their high flexibility, high resolution, and low cost. Additionally, UAVs can be equipped with various sensors, such as RGB, multispectral, and thermal imaging cameras, to capture high-resolution images of fields (Colomina and Molina, 2014). These sensors can be used to monitor crop growth, detect pests and diseases, and assess soil conditions (Zhang and Kovacs, 2012). In crop growth monitoring, UAV images are widely used to assess the growth and health of rice and wheat. The growth status and biomass of crops can be assessed by analyzing vegetation indices (such as normalized difference vegetation index (NDVI)) (Li et al., 2019; Najafi et al., 2023). For example, studies have shown that multispectral images obtained using UAV can accurately assess the growth status and predict the yield of rice (Zhou et al., 2017). Additionally, UAV images can be used for wheat growth monitoring and for obtaining vegetation indices from high-resolution image data to assess the growth and health of wheat (Su et al., 2019). UAV images also play an important role in pest and weed detection. The application of UAVs to identify disease spots and pest traces on crop leaves provides early warning and effective control measures in agricultural management. Previous studies have shown that multispectral images from the UAV can be used to detect rice blast disease with an accuracy of over 85% (Cao et al., 2013). The application of UAV images is highly effective in identifying common diseases in wheat, such as rust and powdery mildew (Garcia-Ruiz et al., 2013). In addition, UAV remote sensing technology has been well applied in land type classification. By obtaining high-resolution image data, researchers can classify different types of land. Previous studies have classified different land types, such as farmland, water bodies, and buildings, using multispectral images obtained using UAVs (Tong et al., 2020). In recent years, the application of deep learning technology in UAV remote sensing image processing has received considerable attention. Deep learning technology is used to develop complex neural network models for automatically extracting features from large-scale image data, enabling efficient image classification and object detection. Studies have shown that convolutional neural networks (CNNs) can significantly improve the classification accuracy of UAV images (Kamilaris and Prenafeta-Boldú, 2018). In agricultural applications, deep learning technology can achieve precise classification of crop growth, pests, and land types. For example, the deep learning model ResNet50 can be used to accurately classify different growth stages and pest conditions of rice and wheat (Fuentes et al., 2017).

Although UAV remote sensing technology has been widely used in agricultural monitoring, there are still some limitations in monitoring farming progress (Zhang W. et al., 2024). Most studies focus on crop growth status or pest and disease monitoring at a single point in time, lacking continuous monitoring of the entire farming process (Mulla, 2013)ADDIN. This shortcoming limits the comprehensive understanding of farming progress, affecting the precision of agricultural management. Traditional image processing methods lack accuracy and efficiency in complex farmland environments. Different crop types, soil conditions, and management practices across fields pose challenges for traditional methods in distinguishing similar farming activities (Timsina and Connor, 2001). For example, ploughing and harrowing are the two common farming activities with their image features, making them difficult to distinguish using traditional image processing (Li et al., 2024). Moreover, manual labeling is not only time-consuming and labor-intensive but also prone to subjective influences, resulting in poor accuracy and consistency of data. This problem is mostly common in large-scale applications, limiting the widespread use of UAV remote sensing technology in farming progress monitoring (Hunt Jr. et al., 2010).

Thus, this research utilized high-resolution image data captured by UAVs. Furthermore, these data were employed to extract image features using deep learning models, enabling precise classification of farming activities in rice-wheat rotation areas. This method improved the classification accuracy and reduced manual intervention, thereby enhancing the objectivity and consistency of the data. This study aimed 1) to identify different types of farming activities in rice-wheat rotation fields and their corresponding image features: By analyzing UAV images, image features of different farming activities, such as color, texture, and deep learning features, were extracted to achieve the classification of different farming activities; 2) to identify effective indices that can be used for farming activity classification: By comparing the classification effects of different image features, the most representative and capable indices were selected to provide data support for the subsequent construction of classification models; 3) to construct a precise and efficient farming activity classification model: Using the selected effective indices and combining them with deep learning technology, a precise and efficient farming activity classification model was developed to achieve real-time monitoring and management of farming activities in rice-wheat rotation areas. The research findings provide farmers and agricultural managers with more accurate information on plot farming activities, facilitating the optimization of agricultural management efficiency and scientific decision-making. In the context of precision agriculture management (Lu et al., 2023), this study enables real-time monitoring of farming activities, offering a scientific basis for adjusting planting and harvesting plans. This approach maximizes the utilization of land and seasonal resources, optimizes crop production systems, and enhances agricultural yield and quality. Such technological application holds not only scientific significance but also substantial practical value in advancing precision agriculture management.




2 Materials and methods

In this research, rice-wheat rotation areas were chosen as the focus, with the monitoring period spanning from the rice harvest to the completion of wheat planting. During this period, the fields were divided into six types based on farming progress: immature rice (I), harvestable rice (II), harvested rice (III), ploughed land (IV), rotary tillage land (V), and wheat was sown (VI) (Figure 1A). High-resolution visible light images of the fields were obtained using a UAV equipped with a high-resolution camera (Figure 1B). The UAV followed a predetermined route and altitude under clear and windless conditions to ensure the images covered the entire study area and maintained high quality and consistency. The obtained images were processed using computer vision and deep learning algorithms for field-type classification. First, the color features, texture features, high-level convolutional features, and activation layer features extracted using a CNN were extracted from the images, as shown in Figure 1C. These features were input to various classification models for field-type classification. By comparing the performance of different models, the optimal model was selected for final classification. To verify the accuracy of the classification results, ground survey data were combined to validate the UAV image classification results, ensuring consistency with the actual farming progress.

[image: Diagram illustrating a rice-wheat rotation process utilizing UAV imagery and computer vision. Panel A shows stages of rice-wheat rotation: immature rice, harvestable, harvested, ploughed, rotary tillage, and sown in drill. Panel B depicts a UAV capturing field images with labels corresponding to rotation stages. Panel C represents the processing flow of UAV RGB images through computer vision and deep learning algorithms, extracting color, texture, CNN, and activation layer features, culminating in a classification model to assess agricultural progress displayed as a PCA graph.]
Figure 1 | Technical flow of the study. (A) Depicts the six categories of agricultural operations in the rice-wheat rotation system; (B) offers a detailed classification of these operations: immature rice (I), harvestable rice (II), harvested rice (III), ploughed land (IV), rotary tillage land (V), and land where wheat was sown (VI); (C) illustrates the experimental methodology through a flowchart, comprising agricultural images acquired via RGB drones, an overview of the feature extraction algorithms, and the outputs of the classification model.



2.1 Experimental design and image acquisition

The experiment was conducted from 2020 to 2023 at the Modern Agricultural Science and Technology Comprehensive Demonstration Base in Huai’an City (Figure 2), Jiangsu Province, China (33°35′ N, 118°51′ E) and Yangzhou City (Figure 2), Yangzhou University Farm (32°23′ N, 119°24′ E), which belongs to the multi-year, multi-locational field experiment. The true values of the field types were obtained through surveys conducted by experienced farm staff. Determining the maturity and harvestability of the rice is challenging. The following specific criteria are used: golden yellow grains, yellow and withering leaves, drooping ears, and a rice moisture content of approximately 20% measured with a moisture meter. If these criteria are met, the rice is considered harvestable; otherwise, it is immature rice. Harvested rice refers to rice harvested using medium to large harvesters. Ploughed land refers to farmland ploughed using a ploughing tractor. Rotary tillage land refers to farmland tilled using a rotary tiller. Wheat that has been sown refers to wheat planted using a strip seeder. A DJI Mavic 3E aerial survey UAV (Shenzhen DJI Innovation Technology Co., Ltd, China) was used to collect RGB images of the fields. The visible light camera had an effective pixel count of 20 million, and the flight altitude was set to 15 m. The images were collected on clear, sunny days.

[image: Map showing the location of Huai'an in Jiangsu Province, China, with two aerial images of agricultural fields. The fields display various rectangular plots with different shades indicating crop areas. North direction is indicated on each image.]
Figure 2 | Study sites.




2.2 Image feature extraction



2.2.1 Image preprocessing

In this study, the DJI Enterprise software (Shenzhen DJI Innovation Technology Co., Ltd, China) was used to complete image stitching and to obtain orthophotos. ArcMap10.8 (Esri Corporation, USA) was used to perform image alignment, geo-registration, experimental field clipping, and calibration of the UAV images. To obtain more accurate datasets based on the spatial resolution of the images, the growth conditions of the rice, and the preprocessing results of the true color images, the calibrated UAV images of the six types of fields were cut into 0.60 × 0.60 m images. During the plant target segmentation process, images smaller than 0.36 m² were excluded, resulting in a total of 30,000 0.36 m² field images. These images were manually classified into the six aforementioned datasets, with 50% of the images used for model training and 50% for model testing.




2.2.2 Color indices and texture features

In this study, based on preliminary experiments (Table A.1 of Appendix A), some features that were highly correlated with the six types of fields were selected, and 12 common color vegetation indices were calculated (Table 1). Moreover, texture features were selected, and the contrast (CON) of UAV images was extracted using a gray-level co-occurrence matrix (Liu et al., 2024). CON reflected the image clarity and the depth of the texture grooves. The deeper the texture grooves, the greater the contrast, resulting in a clearer effect. Conversely, with a smaller contrast value, the grooves are shallow, and the effect is blurry, making it suitable for classifying different types of fields. The calculation formula is as follows:

Table 1 | Definitions of the color indices extracted from the orthorectified RGB images.


[image: Table listing various color indices, their formulas, and references. Includes indices like Excess Green Vegetation Index (ExG) with formula 2G-R-B, referenced from Zhao et al., 2023, and others like Color Intensity Index (INT) and Kawashima Index (IKAW) with different formulas and references. The indices use the average color components R (red), G (green), and B (blue).]
[image: Formula for contrast: double summation over indices \(i\) and \(j\) of \((i - j)^2 \times C_{ij}\).] 

where [image: A vintage photograph of a standing penguin.]  and [image: A dense cluster of black dots forms the silhouette of a tree with a slender trunk and branches that spread upward. The image is minimalist and monochromatic.]  represent the pixel values of the gray level. The value of GLCM [image: A mathematical expression showing an ordered pair with variables in parentheses: i and j, both in lowercase.]  is the number of times that pixels with value [image: Blurry black and white image of a person wearing a hat, riding a bicycle, and holding an umbrella. Only part of the figure is visible against a mostly white background.]  are adjacent to pixels with value [image: Lowercase italic letter "j".]  in the image.




2.2.3 Deep learning ResNet50 features

Traditional deep neural networks are prone to gradient vanishing or exploding issues when the number of layers increases, making training difficult. However, Residual Network (ResNet) can effectively solve this problem (Hu et al., 2021). The most commonly used ResNets include ResNet50 and ResNet101. Among them, ResNet50 has better recognition accuracy and real-time performance (Shabbir et al., 2021). In this study, ResNet50 was used to extract features of UAV RGB images of six types of fields and analyze and compare them with the network structure shown in Figure 3.

[image: Flowchart of a ResNet fifty-two thousand forty-eight CNN feature extraction and classification process. An RGB input image passes through ResNet50, activating layers and generating activation images. Features are extracted using a GLCM algorithm, then input into a random forest (RF) model alongside average pooled features for classification. The output shows six classified images labeled I to VI.]
Figure 3 | Convolutional feature extraction network architecture. The upper part of the figure provides an overview of the ResNet50 network architecture, including the algorithms involved: convolutional layers (convolution operation), pooling layers (max pooling), activation layers (ReLU activation function), fully connected layers, Softmax, and addition operations (implementing the residual structure). The lower part of the figure illustrates the process of extracting convolutional features from RGB images.

Based on the ResNet50 model, 64 activation layers were extracted, and texture feature analysis was conducted on the activation maps of each layer, as these layers reflect structural changes across six types of plots. The pre-experimental analysis methods included: 1) normalization preprocessing for each activation layer; 2) texture feature extraction using the gray-level co-occurrence matrix (GLCM) method; 3) correlation analysis to assess texture differences and classification performance across the six plot types for each activation layer; and 4) selection of activation layers that demonstrated superior texture differentiation and classification performance based on the pre-experimental findings. Six activation layers—L02, L08, L23, L36, L55, and L64—were identified in this experiment as exhibiting notable performance in texture differentiation and classification effectiveness, and their corresponding texture features were subsequently computed.





2.3 Modeling and validation

The random forest (RF) classification method was applied to classify six different plots. RF is a new classification algorithm proposed by the American scientist Breiman. It can efficiently handle datasets with multiple features, and it seeks the optimal solution for category attribution through cross-validation of sample features. It has advantages such as fast training speed, insensitivity to sample size, high classification accuracy, and strong noise resistance. It is one of the machine algorithms widely used in agricultural remote sensing big data intelligent learning. In the model validation stage, four metrics were used for evaluation: accuracy, recall, F1 score, and confusion matrix (Chicco and Jurman, 2020; Powers, 2020; Wen et al., 2022). The running time of models built with various methods was calculated to select the most accurate and efficient model. The formulas used are as follows:

[image: Accuracy formula image displaying the equation: Accuracy equals the sum of true positives (TP) and true negatives (TN) divided by the total number of true positives, false positives (FP), false negatives (FN), and true negatives.] 

[image: Recall is calculated by dividing true positives by the sum of true positives and false negatives, represented as Recall equals TP divided by the sum of TP and FN, equation (3).] 

[image: The image shows the formula for the F1 score: \( F1_{\text{score}} = \frac{2PR}{P+R} \), labeled as equation (4).] 

where TP, FP, FN, and TN indicate true positive, false positive, false negative, and true negative cases, respectively. P and R represent accuracy and recall, respectively.

In this study, models were developed for six different types of plots using four different methods: color vegetation index features, color + texture vegetation index features, color + activated layer L8 features, and color + ResNet50 (2048 features). To prevent model overfitting, the dataset was divided into test sets and training sets in a 5:5 ratio. SHapley Additive exPlanation (SHAP) values were calculated for the test set. SHAP is a method used to explain machine learning model predictions. It is based on the Shapley values from game theory. It can analyze the importance of each feature in the model and quantify the contribution of each feature to the prediction of a given model for individual instances (Dikshit and Pradhan, 2021).





3 Results and analysis



3.1 Feature correlation analysis

In the preliminary experiment (Table A.1 of Appendix A), after the image features correlated with six types of plots were initially screened, a Pearson’s correlation analysis was conducted on color and texture features commonly used in agricultural research to identify and filter out redundant features, thereby optimizing subsequent data processing and modeling work. The analysis results, shown as a heatmap (Figure 4), revealed a high correlation (correlation coefficient of 0.94) between EXGR and NGBDI. Additionally, the correlation coefficient between RGBVI and MGRVI was 0.94. These high correlation indicators suggest that while these features may play an important role in monitoring vegetation growth and health, they provide similar information, indicating that only one feature was retained during data simplification and model building. In subsequent analyses, a representative feature was selected from each pair of highly correlated feature groups to reduce model complexity and prevent multicollinearity issues.

[image: Correlation heatmap showing relationships between different variables, with values ranging from negative one to one. Green shades indicate positive correlations, while pink shades indicate negative correlations. The diagonal from top left to bottom right shows perfect correlations, marked as 1.]
Figure 4 | Pearson correlation analysis of RGB image features.




3.2 Common image features of fields

Analyzing the six different features of the six types of plots selected in the previous section, as shown in Figure 5, CON shows a significant overlap between categories V and VI. The overlap indicates that the two categories are similar in the CON feature, making CON unsuitable for distinguishing between them. However, the CON values for categories I and II were relatively dispersed. The CON values show significant differences for categories III, IV, and V. The lower CON value for category IV might help distinguish it from other categories. ExG values were significantly high in category I, clearly distinguishing it from other categories. However, there were many overlapping areas for categories IV, V, and VI, making them prone to errors when used to classify these three types of plots. ExR exhibited the opposite pattern to ExG, but the difference between categories IV and V was significant, which can be used to improve the classification of these plots. The overall performance of INT was not as good as that of the previous three features, and it also showed significant differences in categories I and II but exhibited higher overlapping areas in the latter categories. MGRVI showed high values only in category I, with varying degrees of overlap among the other five types of plots. RGBVI values for categories I and II were significantly higher than those for the other categories. However, considerable overlap was observed among the remaining four types of plots, especially between categories III and IV.

[image: Box plot displaying data for six classes labeled I to VI across five indices: CON, EXG, ExR, INT, and MGRVI. Each class is represented by a distinct color. Values range from 0 to 0.8.]
Figure 5 | Box line plot of partial image features for six types of fields.

In summary, the six features show significant differences across the six types of plots. Specifically, categories I and II exhibited significant differences, making them easier to identify through color and texture features. Category III exhibited high texture features but small differences in color features compared with the other categories. Distinguishing categories IV, V, and VI was more challenging due to their small differences in both color and texture features.




3.3 Deep learning features

To further improve the accuracy of plot classification and enhance the classification accuracy of plots with similar color and texture features, we used ResNet50 to extract convolution features (mean and variance of features extracted by convolutional networks) of images from six types of plots. It was used to analyze the 64 activation layers of ResNet50, selecting L02, L08, L23, L36, L55, and L64 activation layers with significant differences among the six types of plots for further analysis and screening. The activation layers of the six types of plots are shown in Figure 6A. The activation layer images clearly distinguish changes in the surface structure of the plots, which is beneficial for plot differentiation. Further analysis of the contrast of the six activation layer images showed that the activation layer features of the six types of plots had significant differences compared with their color and texture features. As shown in Figure 6B, except for L23CON, significant differences were observed in the activation layer features of category V and VI plots. The observed difference can mitigate the difficulty in classifying these two types of plots using color and texture. Additionally, slight differences were observed among categories II, IV, V, and VI in L02CON, with some overlap with category IV. Moreover, slight differences were observed between categories I and II in L36CON. L55CON was similar to L02CON, with slight differences observed between categories V and VI, but with a larger overlapping than L02CON. L64CON exhibited overall differences among the six types of plots, with some overlap observed only between categories III and V and categories II and VI. In L08CON, differences were observed among the six types of plots with minimal overlapping values, except for small overlaps between categories II, III, and IV. Therefore, this feature was selected to establish the plot classification model.

[image: Panel (A) shows a grid of false-color images labeled RGB, L02, L08, L23, L36, L55, and L64 with six groups (I-VI), each displaying variations in color and texture. Panel (B) features box plots for each group corresponding to the labels L02CON, L08CON, L23CON, L36CON, L55CON, and L64CON, displaying data distributions in different colors corresponding to each group.]
Figure 6 | Partial RGB image of six types of fields visualized with the eighth layer of features of the activation layer. (A) Presents RGB images alongside six classification images derived from activation layers L02, L08, L23, L36, L55, and L64 using the ResNet50 algorithm; (B) demonstrates the effectiveness of contrast features from the activation layers in field classification applications.




3.4 Principal component analysis

Principal Component Analysis (PCA) was conducted using color indices, combined color and texture indices, and convolutional features to examine the differences among data groups across six field categories (Figure 7). For the PCA based on color features, there was limited overlap between category I and the other categories, whereas significant overlap was observed among the remaining categories. This suggests that individual color indices exhibit limited discriminatory power. Additionally, the variance explained by the first two principal components was below 70%, indicating that the information is distributed across multiple components. When texture features were incorporated, the PCA results demonstrated improved category separation compared to those based solely on color features. Specifically, the boundary between category I and category IV became more distinct, and categories V and VI exhibited clearer clustering patterns. These improvements highlight the substantial contribution of texture features to the principal components, with the explained variance exceeding 80%. In contrast, convolutional features extracted using ResNet50 displayed a different pattern compared to color and texture features. Category III fields were distinctly separated from the others, and the boundary between categories V and VI was well-defined. However, performance for categories I and II was comparatively weaker. Notably, ResNet50 achieved an explained variance of 90–95%, reflecting the high concentration of inter-category differences in the low-dimensional space. The PCA findings further suggest that while color features are effective for rapid preliminary classification, auxiliary features may be necessary to distinguish complex or highly similar categories. Texture features contributed additional spatial information, enhancing the separation of categories with similar colors. Meanwhile, convolutional features provided information distinct from both color and texture, enabling effective differentiation among categories.

[image: Three scatter plots display different features using Principal Component Analysis (PCA). The left plot shows "Color features" with clusters in various colors. The middle plot presents "Color + Texture features," also with multicolored clusters. The right plot illustrates "Convolution feature" with distinct color clusters. Axes are labeled PCA1 and PCA2, and a legend identifies six color categories.]
Figure 7 | PCA plot of features.




3.5 Image feature classification results

An RF classification model and different feature combinations were used to classify the plots. The confusion matrix is shown in Figure 8. When only color features were used for classification, both the overall misidentification and omission values were high, with significant errors. When combining color and texture, the recognition accuracy improved, especially in reducing the misidentification and omission of category V plots. The introduction of ResNet50 features (2048 sets) or L08CON features significantly improved accuracy, particularly in addressing the misidentification and omission issues between category V and VI plots, with L08CON performing better than ResNet50.

[image: Four confusion matrices compare different feature combinations for classification accuracy. The top-left matrix shows "Color features," the top-right "Color + Texture," the bottom-left "Color + Texture + Resnet50," and the bottom-right "Color + Texture + L08CON." Each matrix displays actual versus predicted classes, with varying levels of classification accuracy indicated by cell shading, ranging from light to dark blue.]
Figure 8 | Four methods of confusion matrices.

Further analysis of the overall accuracy, recall, F1 score, and run time for different combinations, as shown in Table 2, reveals that the overall accuracy is consistent with the confusion matrix analysis results. Both Color+L08CON and Color+ResNet50 achieved an accuracy of over 98%. The addition of texture on the basis of Color+L08CON did not significantly improve classification accuracy. In terms of classification time per image, the color feature extraction time was the shortest, at 0.19 s. The ResNet50 feature extraction time was the longest, exceeding 6 s; the texture feature extraction time was relatively long, exceeding 4 s. The L08CON extraction time was approximately 1.20 s. Although the Color+Texture+L08CON combination achieved the highest accuracy, its feature extraction time was relatively long, which is not conducive to real-time plot detection.

Table 2 | Classification results and running time of each methodological model.


[image: Table comparing model performance across various validation indices: Accuracy, Recall, F1 score, and Run time. Models include Color features, Color+Texture, Color+L08CON, Color+ResNet50, and Color+Texture+L08CON. Accuracy ranges from 80.54% to 98.96%. Recall and F1 scores follow similar trends. Run time varies, with the lowest being 0.19 seconds and the highest 6.93 seconds.]
The test set for the RF classification model, built with four methods, was calculated to obtain the SHAP values of each feature in the model and visualize them (Figure 9). The SHAP values reveal that the texture feature CON, the color features ExG and ExR, and L08CON contribute the most to the model. The features VARI, RGBVI, INT, and MGRVI have the least impact, while the contributions of the remaining features are even smaller and not listed here.

[image: Bar chart depicting SHAP values for different variables labeled as CON, EXG, EXR, L08CON, VARI, RGBVI, INT, and MGRVI. Each bar is segmented into different colors representing categories I, II, III, IV, V, and VI, as shown in the legend. The x-axis displays SHAP values ranging from 0 to 8.]
Figure 9 | Visualization of SHAP values for each group of features. In the legend, (I)–(III) represent six different plot types: immature rice (I), harvestable rice (II), harvested rice (III), ploughed land (IV), rotary tillage land (V), and wheat has been sown (VI). The colored rectangles indicate their respective contribution proportions in the model, with longer rectangle lengths signifying greater contributions.





4 Discussion

This research integrated UAV imaging technology with diverse feature extraction and classification methods to achieve precise monitoring of agricultural activities in rice-wheat rotation areas. The results showed that different image features have unique strengths and limitations in field classification. Initially, the feature correlation analysis demonstrated that several color and texture features (e.g., EXGR and NGBDI, RGBVI and MGRVI) showed strong correlations. This observation implies that redundant features were excluded during data simplification and modeling processes to reduce the complexity of the model, aligning with methodologies reported in previous studies (Mutlag et al., 2020; Xie and Yang, 2020). The retention of only one representative feature after screening improved the computational efficiency and the stability of the model. In analyzing common color vegetation index features in fields, although color features showed significant differences between certain categories, their effectiveness was limited in distinguishing similar categories (e.g., IV, V, and VI). These results reveal the issue that solely relying on a single type of feature in field classification may lead to classification inaccuracy, especially for post-rice harvest field images. To address this issue, in this study, we further introduced deep learning features. The convolutional features and activation layer features extracted with ResNet50 significantly improved the classification accuracy, especially in distinguishing categories with similar color and texture features (e.g., V and VI). The results showed that convolutional features had significant advantages in capturing surface structure changes in fields, compensating for the shortcomings of traditional color and texture features in distinguishing certain categories. PCA further confirmed the effectiveness of feature combinations. Although color features are suitable for rapid preliminary classification, texture features and convolutional features are needed to distinguish complex or similar categories. Convolutional features provided complementary information to color and texture features in classification, effectively enhancing the separation of different categories. The final classification results showed that the integrated model using color, texture, and convolutional features (e.g., Color+L08CON and Color+ResNet50) achieved an accuracy of over 98%, significantly higher than the classification results of single features. Although the Color+Texture+L08CON combination achieved the highest accuracy, its feature extraction time was relatively long, making it unsuitable for real-time field detection. Therefore, in practical applications, a balance must be established between classification accuracy and processing time.

This study evaluated and compared the classification performance of the widely used deep learning algorithm LeNet-5 on field plots (Figure 10). The findings revealed that, following extensive training, LeNet-5 demonstrated satisfactory classification accuracy, particularly for categories II, III, and IV, yielding results comparable to those of the method proposed in this study. However, for categories I and V, LeNet-5 exhibited significantly lower accuracy compared to the method introduced here. Deep learning models such as LeNet-5 demand extensive initial training, with their accuracy being heavily dependent on the diversity and comprehensiveness of the dataset. Consequently, achieving high-precision classification necessitates large and diverse training datasets, which can present practical challenges in terms of data collection and annotation. Furthermore, in terms of processing speed, LeNet-5 required approximately 3 seconds longer per image than the method employed in this study, potentially limiting its applicability for real-time detection in large-scale field monitoring. While LeNet-5 performed well in identifying certain categories, its elevated training and runtime requirements pose challenges. In contrast, the method proposed in this study offers a more balanced and efficient approach, optimizing classification performance, training effort, and runtime efficiency. Therefore, for practical applications, the method presented here ensures robust classification accuracy while maintaining superior real-time performance and operational feasibility. Future research could focus on further optimizing deep learning models and exploring their integration into agricultural progress monitoring within rice-wheat rotation systems. This effort could involve combining deep learning approaches with traditional image processing techniques to achieve enhanced efficiency in agricultural monitoring.

[image: Confusion matrix showing six classes labeled I to VI on both axes. Diagonal values indicate correct predictions: 181, 177, 173, 177, 174, and 169. Off-diagonal elements show misclassifications. The color gradient ranges from light yellow to dark red, corresponding with lower to higher values.]
Figure 10 | Confusion matrix for LeNet-5 results.

The method used in this study has similarities and some significant differences with traditional remote sensing technology in land type classification research. The proposed agricultural progress classification method relies on high-resolution image data and uses various image features for classification. Remote sensing technology extracts spectral, texture, and shape features of land cover types from satellite images or UAV images and then uses classification algorithms to classify different land types (Al-Najjar et al., 2019), which is similar to the method used in this study. Meanwhile, the proposed method also extracts color features, texture features, and convolutional features. Additionally, it uses an RF classification model for field classification. These methods essentially distinguish different land cover types by analyzing the features of image data (Bai et al., 2021). However, due to the tight timing of agricultural progress and the slight differences in arable land types, using only traditional remote sensing classification methods is not ideal for agricultural progress classification. This study mainly focused on real-time monitoring of agricultural progress, not just the static classification of land cover types. Traditional remote sensing research is mostly used for large-scale land use and cover change monitoring, with low temporal resolution (Wang et al., 2022). In contrast, this study used UAV images to obtain high-frequency image data, enabling high temporal resolution monitoring and timely management of agricultural activities. A significant feature of this study is the application of convolutional features. The convolutional features extracted with deep learning models (such as ResNet50) proved more effective in distinguishing subtle changes under the same land cover types. This efficacy enabled our study to accurately differentiate subtle agricultural changes, such as differences in ploughing, tilling, and seeding land types, where traditional remote sensing classification methods are limited. Convolutional features provide richer spatial information, facilitating the capture of small changes in field surface structures, thus improving classification accuracy. The study inherits some classic methods of remote sensing technology in land classification but enhances real-time performance and classification accuracy by introducing UAV and deep learning technology, making it particularly suitable for agricultural progress monitoring in rice-wheat rotation areas.




5 Conclusion

This study successfully achieved precise monitoring of agricultural progress in rice-wheat rotation areas by integrating UAV imaging technology with various feature extraction and classification methods. The findings demonstrate that multiple image features offer distinct advantages in plot classification. By combining color, texture, and convolutional features extracted through deep learning, significant improvements in classification accuracy were achieved. The results indicate that integrated models using color, texture, and convolutional features (such as Color+L08CON and Color+ResNet50) can achieve an accuracy exceeding 98%, significantly reducing overall misclassification and omission rates compared to methods relying on a single feature. Specifically, the Color+L08CON model attained an accuracy of 98.76%, while the model using only color features achieved an accuracy of 80.54%. In terms of processing time for a single image, color feature extraction was the fastest at 0.19 seconds, followed by Color+L08CON at 1.25 seconds, whereas ResNet50 feature extraction took the longest, exceeding 6 seconds. The proposed Color+L08CON model not only achieved high accuracy but also minimized the processing time per image, meeting the requirements for real-time land type detection. Overall, this study demonstrated that combining UAV imaging with multiple feature extraction and classification methods enables efficient and accurate monitoring of agricultural progress in rice-wheat rotation areas. By adjusting model parameters and expanding training datasets, this method can be adapted to complex field environments and diverse crop planting patterns, offering reliable technological support for precision agricultural management. Future research should focus on optimizing feature extraction and classification algorithms to enhance real-time monitoring efficiency and accuracy. Additionally, integrating other remote sensing data and ground sensors would enable the development of a more comprehensive monitoring system, supporting scientific agricultural management and sustainable development.
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Spectral analysis is a widely used method for monitoring photosynthetic capacity. However, vegetation indices-based linear regression exhibits insufficient utilization of spectral information, while full spectra-based traditional machine learning has limited representational capacity (partial least squares regression) or uninterpretable (convolution). In this study, we proposed a deep learning model with enhanced interpretability based on attention and vegetation indices calculation for global spectral feature mining to accurately estimate photosynthetic capacity. We explored the ability of the model to uncover the optimal vegetation indices form and illustrated its advantage over traditional methods. Furthermore, we verified that power compression was an effective method for spectral processing. Our results demonstrated that the new model outperformed traditional models, with an increase in the coefficient of determination (R2) of 0.01-0.43 and a decrease in root mean square error (RMSE) of 1.58-12.48 μmol m-2 s-1. The best performance of our model in R2 was 0.86 and 0.81 for maximum carboxylation rate (Vcmax) and maximum electron transport rate (Jmax), respectively. The photosynthesis-sensitive spectral bands identified by our model were predominantly in the visible range. The most sensitive vegetation indices form discovered by our model was [image: Reflectance sub near-infrared plus Reflectance sub green/blue divided by Reflectance sub near-infrared times Reflectance sub red.] . Our model provides a new framework for interpreting spectral information and accurately estimating photosynthetic capacity.
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1 Introduction

Photosynthesis plays a critical role in the carbon uptake of vegetation and significantly impacts food production (Friedlingstein et al., 2022). The capacity of photosynthesis in C3 crops relies on two critical physiological parameters: the maximum carboxylation rate (Vcmax) and the maximum electron transport rate (Jmax) (Long and Bernacchi, 2003). Accurate estimation of these biochemical parameters that determined by modelling CO2 assimilation rate versus intercellular CO2 concentration (A-Ci) curves is important for describing the complex dynamics of photosynthetic performance in various crops (Farquhar et al., 1980; Van der Tol et al., 2009; Zhang et al., 2014).

The Vcmax and Jmax is typically measured via gas exchange systems, which is expensive and time-consuming. Due to the intrinsic mechanisms of reflectance spectroscopy in response to photosynthetic physiological processes, the excellent efficacy of spectral reflectance in accurately estimating Vcmax and Jmax has been widely proved across different species and temperature ranges (Serbin et al., 2012, 2015; Heckmann et al., 2017; Silva-Perez et al., 2018; Kumagai et al., 2022).

Previous studies have demonstrated that specific wavelengths are highly sensitive to photosynthetic traits, making them valuable for estimating photosynthetic capacity. Light absorbed by chlorophyll pigments, especially in the blue and red regions (400-700 nm), drives key photosynthetic processes like electron flow and carbon fixation (Gitelson et al., 2022). While green light (500-570 nm) is less absorbed, it still plays a role in overall photosynthetic efficiency, which has been shown to be comparable to that of red light (Wolf and Blankenship, 2019; Gitelson et al., 2022). Far-red light (700-750 nm), although not directly involved in oxygen release, contributes by stimulating cyclic electron flow in Photosystem II (PSII) and Photosystem I (PSI), which enhances the overall efficiency of photosynthesis (Kramer and Sacksteder, 1998; Cruz et al., 2001; Joliot and Joliot, 2005, 2006; Laisk et al., 2010). Furthermore, near-infrared (750-1200 nm) reflectance is primarily influenced by leaf structure and mesophyll cell characteristics, which are linked to photosynthetic performance (Terashima and Saeki, 1983). The mechanical link between spectra and photosynthesis provides the foundation for exploring the spectral features of photosynthetic capacity.

In recent years, advances in sensor-enabled photosynthetic measurements have shifted the research focus towards mining rich spectral information (Araus and Cairns, 2014). However, the limited availability of real-world measurements of photosynthetic data poses a challenge in mining hyperspectral data, especially when the sample size is smaller than the dimension of the hyperspectral data (Prasad and Bruce, 2008; Mojaradi et al., 2009; Bioucas-Dias et al., 2013). Additionally, the spectral reflectance captured by hyperspectral sensors is influenced by multiple factors, including the geometric structure of plants (Slaton et al., 2001) and leaf scattering characteristics (Grant, 1987). Accordingly, spurious spectral variations will be introduced in the recorded signals, blurring spectral signatures associated with target photosynthetic traits (Fu et al., 2020). To address these challenges posed by high dimensionality of hyperspectral data and complex biophysical mechanism in the response of spectral reflectance to photosynthesis, current studies propose two mainstream solutions: vegetation indices-based model and full spectra-based model.

The vegetation indices are constructed based on sensitive wavelength bands. The mechanical relationship between the photosynthetic traits and some specific sensitive wavelengths has been widely proved (Barnes et al., 2017). Previous studies revealed that the visible to near-infrared (VNIR: 400-1400 nm) region is essential for predicting Vcmax and Jmax (Serbin et al., 2012; Barnes et al., 2017; Meacham-Hensold et al., 2019). The key wavelengths, including blue band at 450 nm (Meacham-Hensold et al., 2019), green band at 550 nm (Wang et al., 2021a), red band at 660 nm (Fu et al., 2020) and 680 nm (Meacham-Hensold et al., 2019), far red band at 700-720 nm (Fu et al., 2020; Wang et al., 2021a), and near-infrared region of 800-1400 nm (Serbin et al., 2012, 2015), are detected. Accordingly, the vegetation indices defined based on abovementioned wavelengths are widely used to estimate Vcmax and Jmax, such as normalized difference vegetation index (NDVI), enhanced vegetation index (EVI), and ratio vegetation index (SR) (Fu et al., 2020; Camino et al., 2022; Guo et al., 2023; Song et al., 2023). Specifically, the photochemical reflectance index (PRI), which is defined at 531 and 570 nm wavelengths and indicates xanthophyll pigments, shows good performance for describing photosynthetic efficiency (Ainsworth et al., 2014; Barnes et al., 2017; Fu et al., 2022). The Structure Insensitive Pigment Index (SIPI), which is calculated using 445, 680 and 800 nm wavelengths and is sensitive to chlorophyll a and carotenoids, is also proved as a good proxy for photosynthetic traits (Wu et al., 2019; Fu et al., 2020; Yan et al., 2021). However, the single vegetation index fails to fully utilize hyperspectral information. Different forms of indices can yield varying results in estimating photosynthetic capacity (Jin et al., 2012). Finding an appropriate combination of sensitive bands and index forms becomes a challenging task for target traits estimation (Wu et al., 2008; Yao et al., 2010; Chen et al., 2022).

The full spectral profiles contain more abundant information compared to vegetation indices. Many studies directly use the hundreds of bands to quantify the photosynthetic traits (Serbin et al., 2012, 2015; Yendrek et al., 2017; Meacham-Hensold et al., 2020; Sexton et al., 2021). The popular method is to construct the statistical relationship between full spectral reflectance and photosynthetic parameters. Some classical machine learning algorithms including partial least squares regression (PLSR) (Meacham-Hensold et al., 2019; Fu et al., 2024b) and lasso regression (Pellikka et al., 2023), deep learning models including artificial neural network regression (Fu et al., 2019) and one dimensional convolutional neural network (OneDCNN) (Furbank et al., 2021; Fu et al., 2024a) have been employed to build the statistical model and show good performance. Moreover, deep learning methods demonstrate higher performance compared to classical machine learning approaches (Furbank et al., 2021; Deng et al., 2024). However, the full spectral-based deep learning model such as OneDCNN is highly likely to learn the spurious relationship and even distort our understanding of the true biophysical response due to lack of prior knowledge constraints, resulting in the poor generalization ability (Fu et al., 2022). Therefore, it is important to incorporate prior knowledge constraints on biophysical spectral response characteristics into the deep learning models to enhance their interpretability and generalization.

The effective means to address current issues in estimating photosynthetic parameters lies in the integration of methods that automatically mine multiple spectral bands and incorporate biophysical priors within deep learning models. Accurately estimating photosynthetic parameters requires identifying key bands and spectral features tied to biophysical characteristics. Recent advancements have introduced attention mechanisms as an effective method for selecting sensitive bands (Lorenzo et al., 2020; Zheng et al., 2022). Attention mechanisms enable the model to assign greater weight to regions of interest, thereby improving the selection of important features (Vaswani et al., 2017). Global attention approach provides a promising method for sensitive bands selection. The gumbel softmax, characterized by the output in the form of one-hot vectors, exhibits excellent performance in models with latent categorical variables (Jang et al., 2017). Incorporating gumbel softmax into attention mechanism for identifying sensitive bands shows great potential. While these methods offer improvements, the application of knowledge-guided deep learning for photosynthetic trait estimation is still relatively underexplored.

Traditional spectral analysis methods often rely on predefined sets of spectral bands and fixed vegetation indices, which can fail to capture the full complexity of spectral information or adapt to variations in spectral characteristics (Wu et al., 2008; Yao et al., 2010; Chen et al., 2022). These methods tend to be limited by the assumption that fixed spectral bands are sufficient for accurate parameter estimation, which often does not align well with the complex biophysical processes being studied. Knowledge-guided deep learning, which integrates physical constraints, network architecture design based on prior knowledge, and data preprocessing methods informed by biophysical principles, offers a promising alternative (De Bézenac et al., 2019; Yuan et al., 2020; Chen et al., 2021; Sridharan and Mota, 2023). However, research on the application of knowledge-guided deep learning for photosynthetic trait estimation remains limited. Our previous study pioneeringly proposed the SA-IndiceCNN model which integrates prior knowledge by designing vegetation indices calculation (Deng et al., 2024). However, this model feeds abstract features derived from large spectral band regions through dilated convolutions and pooling operations, which sacrifices the detailed information from individual bands and distorts the spectral band positions.

To overcome this limitation, we focus on sensitive spectral bands and their correct positioning, which is expected to provide more reliable biophysical priors and further improve performance of the knowledge-guided deep learning model for Vcmax, and Jmax estimation. Unlike previous models that employed a single index form, we expect the most important index form could be automatically identified by gating mechanism (Yu et al., 2019). Additionally, appropriate spectral signal preprocessing is crucial for improving photosynthetic capacity estimation (Guo et al., 2023; Song et al., 2023). Power compression, a technique widely applied in deep learning for speech spectrum signal processing (Li et al., 2021b), can reduce dynamic range and balance the loss gap between different spectral regions, allowing the neural network to capture more detailed information in weak signal areas (Li et al., 2021b).

In this study, we propose a novel approach that combines global attention mechanisms and gumbel softmax to identify sensitive spectral bands, addressing the limitations of traditional methods in spectral information utilization. A specialized loss function is introduced to preserve the spectral reflectance characteristics in the input features, ensuring accurate attention-based selection. We also incorporate prior knowledge of vegetation indices into the deep learning framework, using a gating mechanism to select the most relevant biophysical features related to photosynthesis. Additionally, power compression is applied during preprocessing to enhance weak signal features and improve model performance. Our research objectives are as follows: (1) to explore the feasibility and reliability of using deep learning for mining photosynthetic sensitive bands and vegetation indices; (2) to investigate the utility of spectral power compression and verify the stability and applicability of our developed model under different spectral resolutions; (3) to evaluate the performance of our developed model in estimating photosynthetic capacity and illustrate its advantage over the traditional models.




2 Materials and methods



2.1 Data acquisition and processing

We collected samples of rice and wheat from two distinct experimental locations. The rice samples were grown in Fumin Village, Hengsha Township, Chongming District, Shanghai, China (31.34°N, 121.84°E) from May to November 2022. This area has a subtropical monsoonal climate with an average annual temperature of 15.4°C and annual precipitation of around 1,100 mm. No special irrigation or fertilizer treatments were applied to the experimental field. The wheat samples were grown in Wuhan, Hubei Province, China (30.54°N, 114.36°E) from November 2022 to June 2023. This region has a north subtropical monsoonal climate, with an average annual temperature of 15.8°C to 17.5°C and annual precipitation of 1,150 mm to 1,450 mm. To ensure comprehensive coverage, we collected samples of both rice and wheat throughout the entire growth period. The geographic location of the experimental area is shown in Supplementary Figure S1, and the experimental data collection images are displayed in Supplementary Figure S2.



2.1.1 Gas exchange measurement and photosynthetic capacity acquisition

The photosynthetic parameters Vcmax and Jmax were obtained from leaf gas exchange measurements using a portable gas exchange system, LI-6800 (LI-COR, Lincoln, NE, USA). The system recorded the response of photosynthetic rate (A) to a series of intercellular CO2 concentrations (Ci). The leaf chamber temperature was adjusted to match the temperature of the leaves. A full-span calibration for CO2, water, and gas flow rate and minimal slope search were performed before each curve measurement. The relative humidity inside the leaf chamber was manually set to match the actual humidity. The photosynthetic measurements were taken at a saturation light intensity of 2000 μmol m-2 s-1 for rice and 1800 μmol m-2 s-1 for wheat. The light intensity was determined from the preliminary experiments of the assimilation rate - light intense (A-Q) response curve. Gas exchange measurements were conducted on fully expanded leaves from the upper, middle, and lower layers of each rice and wheat plant. The dynamic assimilation technique (DAT) (Stinziano et al., 2019) was employed, with an initial CO2 concentration of 100 ppm and a final concentration of 1100 ppm. Due to the significant assimilation shifts caused by high CO2 change rates, the ramp rate for CO2 changes was set at 100 ppm/min (Stinziano et al., 2017 (Stinziano et al., 2019; Saathoff and Welles, 2021). To determine Vcmax and Jmax, Farquhar-von Caemmerer-Berry (FvCB) model (Farquhar et al., 1980; Bernacchi et al., 2001) was fitted to the collected A-Ci curves (Sharkey et al., 2007). The most widely accepted use for the A-Ci curve obtained from DAT is to estimate Vcmax and J, and those values are closely aligned between the standard and DAT approaches (Stinziano et al., 2017; Taylor and Long, 2019). We did not consider the effect of mesophyll conductance limitation, consistent with previous studies (Drake et al., 2017; Heckmann et al., 2017; Rogers et al., 2017; Kumarathunge et al., 2019; Salmon et al., 2020; Saathoff and Welles, 2021; Deng et al., 2024). The fitting analysis of the A-Ci curves was conducted using the “plantecophys” package (Duursma, 2015) in the R platform (https://bitbucket.org/remkoduursma/plantecophys). All photosynthetic parameters were normalized to 25[image: Degree Celsius symbol, representing temperature measurement in the Celsius scale.] .




2.1.2 Spectral data acquisition and processing

The spectral data were collected using a Specim-IQ hyperspectral camera (Oulu, Finland, Behmann et al., 2018), which captured hyperspectral images of each detached leaf. The push-broom camera recorded spectral reflectance in a continuous wavelength ranging from 400 nm to 1000 nm with a spectral resolution of 3.5 nm. Two 150W halogen lamps which cover the 400-1000 nm wavelength range were fixed beside the camera as light sources. A tripod supported them to capture images at a distance of 0.5 m from the leaves. Each scan consisted of 512 spatial channels along the rows. A white panel with 99% reflectance (Spectralon, Labsphere Inc., North Dutton, NH, USA) was placed horizontally next to the leaves and scanned along with the plant leaves in the collected hyperspectral images. The exposure time was adjusted to avoid sensor saturation. Image acquisition and storage were completed within three minutes for each image. The acquired images were processed by applying a mask calculation to remove the background. The mask calculation was performed by segmenting the leaf from the surrounding background based on color thresholds. The spatial dimension of hyperspectral images after mask calculation was consistent with the spatial area measured by the LI-6800. The spatial dimensions of the leaves were averaged to obtain spectral reflectance. Then, we used Savitzky-Golay (SG) filter to remove noise (Schafer, 2011). The window length was set to 21, and the polynomial fitting order was 2.

Based on the SG filter, we applied different power compression (POC) ratios to enhance the spectral signals (Li et al., 2021a, b). Power compression is a nonlinear transformation technique commonly used in speech spectral signal processing to adjust the range and distribution of signal values, especially when the original signal exhibits wide variations in magnitude (Yu et al., 2022; Ochieng, 2023; Wen and Verhulst, 2023; Abdulatif et al., 2024). During network training using mean square error (MSE) as a criterion, the optimization process tends to favor areas with higher spectral values. This focus can obscure finer details in regions with lower values, such as the visible light spectrum. By compressing the reflectance values, we anticipated capturing more intricate information in weak areas such as visible bands region. This method can potentially enhance the quality of spectral feature extraction.

We only applied power compression to the reflectance values (amplitude). We did not compress the relative trends (phase). This transformation equalizes the importance of all spectral bands by compressing the highly variable reflectance values, especially in regions with uneven distributions. This compression is particularly beneficial for highlighting weaker signals that may otherwise be overshadowed by stronger reflectance values in certain regions, such as the near-infrared spectrum, which often dominates hyperspectral data. A generalized compression method was employed. The calculation formula is as follows:

[image: Equation showing \( \mathbf{X}^c = |\mathbf{X}|^{\beta} \) with a reference number (1) on the right.]

In this study, we considered power compression transformation in the range of 0.1-2.0 proportions. The transformations are denoted by the adjustable compression parameter β∈(0,1). A smaller value of β corresponds to stronger compression. Conversely, when β>1, it represents an inflation transformation that amplifies information in regions of high values. For β=1, no transformation is applied. The compressed spectral information is represented as [image: The mathematical notation "X raised to the power of c", indicating exponentiation.] .

The application of power compression impacts model performance by adjusting sensitivity to spectral features. By amplifying weak spectral signals, especially in regions like the visible spectrum, it improves the ability of the model to detect subtle variations. Additionally, power compression helps balance the focus across spectral bands, preventing overfitting to dominant signals and ensuring the model captures important features in weaker bands.

To validate the applicability of the model at different resolutions, spectral resampling was conducted using cubic spline interpolation (McKinley and Levine, 1998). Given data bands (x0, R0), (x1, R1), …, (xn, Rn), we interpolated between every two bands. For the interval [xi, xi+1], the form of the reflectance curve Ri(x) is:

[image: The image depicts a mathematical equation for \(R_i(x)\) which is expressed as \(a_i + b_i(x-x_i) + c_i(x-x_i)^2 + d_i(x-x_i)^3\). This is equation number two.]

where ai, bi, ci, di are coefficients that need to be determined based on boundary conditions and continuity conditions. The entire reflectance curve is composed of these locally defined cubic polynomials. All of our resampling operations were based on the original data and ensure consistency with the original data. The spectra were resampled to 60, 120, 180, 204, 240, 300, 400, 500 and 600 bands.

We also used spectral data from previous studies as one of our validation datasets, which included experimental data covering 350-2500 nm, with 2151 spectral bands across 583 samples (Meacham-Hensold et al., 2020; Furbank et al., 2021; Kumagai et al., 2022). Data spanning 601 spectral bands from 400 to 1000 nm were also utilized for comparison. Related results can be seen in Supplementary Figure S6.





2.2 Traditional vegetation index calculation

This study used several traditional vegetation indices to examine their correlation with photosynthetic capacity (Table 1). Spectral indices associated with leaf pigment such as chlorophyll content have been frequently employed in phenotypic analysis of plant photosynthesis. For instance, the SIPI, also known as the chlorophyll index (Dash and Curran, 2007), is linked to chlorophyll content. The indices based on the crucial pigment chlorophyll content may serve as reliable indicators of photosynthetic capacity (Croft et al., 2017). In addition, the simple ratio vegetation index (SR) and the modified normalized difference vegetation index (mNDVI) were also used for estimating photosynthetic capacity (Fu et al., 2020).

Table 1 | Spectral indices utilized in this study.


[image: Table of vegetation indices with formulas and references. Simple ratio (SR): \( R_{\lambda_1}/R_{\lambda_2} \) by Clevers and Kooistra, 2011. Modified normalized difference index (mNDVI): \((R_{\lambda_{\text{ref}}} - R_{\lambda_1})/(R_{\lambda_{\text{ref}}} + R_{\lambda_2}) \) by Gitelson and Merzlyak, 1994. Structure insensitive pigment index (SIPI): \((R_{\lambda_{\text{ref}}} - R_{\lambda_1})/(R_{\lambda_{\text{ref}}} - R_{\lambda_2}) \) by Curran, 1994. \( \lambda_{\text{ref}} = 440 \) nanometers, R: reflectance of any band. \( \lambda_1 \) and \( \lambda_2 \) are within the 400-1000 nanometers range.]



2.3 The classical machine learning algorithms



2.3.1 Support vector regression

The SVR methodology first maps the input data to a higher dimensional (possibly infinite) kernel feature space by means of a nonlinear mapping [image: Φ maps from R^N to script H.]  and then solves a linear model there (Camps-Valls et al., 2006):

[image: Mathematical equation showing a function: y-hat sub i equals f of x sub i, w equals phi transpose of x sub i times w plus b, labeled as equation three.]

where [image: Lowercase letter "y" with a circumflex accent above it and a subscript "i".]  are the estimations of [image: The image shows a mathematical notation representing a variable denoted as "y" with a subscript "i".] ; w is a weight vector in the feature space, and b is the bias term in the regression. The SVR was implemented using the Python library sklearn.




2.3.2 Partial least squares regression

The PLSR model has been applied to estimate leaf photosynthetic capacity (Serbin et al., 2012; Ainsworth et al., 2014). PLSR is a bilinear regression technique that aims to reduce a large set of collinear spectral variables into a smaller set of orthogonal components (Wold et al., 2001). The explanatory variables Vcmax and Jmax are projected into a new space. A linear regression model is then fitted between these independent variables and the predicted variables in the new projection space. The computational formula for PLSR is as follows:

[image: The image shows a mathematical equation: \( y = \sum_{i=1}^{n} x_i \ast p_i \), where \( i = 1, 2, \ldots, n \).]

[image: Mathematical formula for \( p_i \) equals the sum from \( j = 1 \) to \( d \) of \( y_j \times x_{ij} \), where \( i = 1, 2, \ldots, n \). Equation labeled as (5).]

The variable y denotes Vcmax and Jmax. The number of latent variables used for regression is represented by n. The regression coefficient is denoted by γ. The latent components computed from the original input measurements x are denoted by p. d is the dimension of the input data. λ represents the transformed latent components, which are calculated as xTx. The PLSR was implemented using the Python library sklearn. The number of principal components was optimized through a grid search of 10 to 15 to find the best value.




2.3.3 One-dimensional convolution

Given the processing of spatially averaged spectral data, a one-dimensional convolutional network has been utilized as one of the baseline models. The OneDCNN often incorporates a hierarchical structure that captures increasingly complex feature patterns. The OneDCNN uses a learned weight filter to slide across the input length at each layer. This sliding filter strategy enables the network to detect patterns found in one part of the sequence and applies these patterns to other parts of the sequence. To further enhance the ability of the network to capture a larger receptive field, we incorporated dilated one-dimensional convolution. The mathematical operation for computing the one-dimensional convolution of input is expressed in the following equation:

[image: The mathematical equation shown is: \( X_{c_k} = \phi(\sum(W \cdot X_{c_i} + b)) \), labeled as equation number 6.]

where W is the parameter matrix of the convolutional kernel; XCi is the input feature; Ci represents the input channel; b represents the learnable bias; [image: A vertical ellipse symbol, often used in mathematics to represent a null or empty set.]  denotes the activation function; and Co represents the output channel.

The parameter settings for the OneDCNN model were determined based on previous study (Furbank et al., 2021). The input to the network was a reflectance sequence of size 1×204. The sequence first underwent an initial layer of average pooling, with a kernel size of 10, a stride of 10, and a padding of 2. Two layers of one-dimensional convolution were then applied. The first convolutional layer had an input channel of 1, output channels of 50, a kernel size of 5, and a dilation factor of 1. The second convolutional layer had input channels of 50, output channels of 50, a kernel size of 5, and a dilation factor of 2. Finally, the output passed through two fully connected layers. The number of neurons in the first fully connected layer ranged from 400 to 1000. The number of neurons in the second fully connected layer ranged from 1000 to 1.




2.3.4 Vegetation indices convolution

IndiceCNN, built for dealing with one-dimensional reflectance in our previous research (Deng et al., 2024), extracts the abstract features from reflectance using convolution and pooling operators and then feeds these features into a computation formula of vegetation indices. In this study, the addition-multiplication calculation was incorporated into the IndiceCNN model.

[image: Mathematical equation showing a neural network operation: \( R_i = \sigma\left(\sum (W_c \cdot X_i + b)\right) \). The equation is labeled as equation 7.]

[image: Mathematical equation showing \( O = \sum \left( W_i \cdot \frac{R_1 + R_2}{R_3 \times R_4} \right) \) and labeled as equation (8).]

Xi denotes the input. Wc represents the weight matrices of different convolutional units. σ is the sigmoid function. Wl represents the weight matrices of various linear layers. Ri represents the spectral features after convolution layers. O denotes the output.





2.4 Design of the Indexfindnet model

To fully leverage spectral dimension information and investigate the spectral sensitive bands and vegetation index with the latent mechanism of photosynthesis, we proposed a novel architecture that employed multiple modules coupled with different branches (Figure 1). The subsequent sections would provide detailed descriptions of the network structure, loss function, and solutions to address overfitting issues.

[image: Diagram of a complex neural network architecture with seven modules. M1 shows a waveform input. M2 includes convolution layers with gating, feature extraction, and activation functions. M3 illustrates a series of downsampling, LSTM, and upsampling layers. M4 features Adacos Scale factor and UGumbelSoftmax operations. M5 details band activation formulas. M6 combines convolution, gating, and index features through concatenation and softmax. M7 displays final outputs \( V_{cmax} \) or \( J_{max} \). Each module is connected by arrows indicating the flow of data.]
Figure 1 | The architecture of the Indexfindnet model. M1 denotes the input reflectance. M2 denotes the gated convolutional module GCONV. M3 denotes the encoder-decoder module UCRN. M4 is the global sensitive band search module NonlocalBandAttention. M5 represents the Vegetation Index calculation module Indexcal. M6 is the module for choosing the important index form features. M7 is the output. C represents the convolutional layer. L represents the linear layer. W denotes the weight matrices of cosine similarity. Adacos Scafactor is the adaptive cosine scaling factor.



2.4.1 The architecture of Indexfindnet

The framework structure of the Indexfindnet model was shown in Figure 1. The first operation of the network structure was the feature extraction and noise removal module “Mask”. This module consisted of two components. The first component was a gated convolution unit named M2-GCONV. Traditional convolution calculated all features as valid values and extracted local features through a sliding window. However, hyperspectral reflectance data contained large amounts of information with high correlations and redundancies between different spectral bands. Therefore, we utilized a technique called gated convolutional units. This method provided a learnable dynamic feature-selection mechanism for each band in every channel (Yu et al., 2019). The calculation formula is as follows:

[image: Mathematical equation representing gating, expressed as the sum of W sub c multiplied by I sub b. The equation is labeled as number 9.]

[image: Mathematical formula showing "Feature" defined as the sum of the product of \( W \) and \( I_b \), with the equation referenced as (10).] 

[image: Equation showing \( O = \phi( \text{Feature} \odot \sigma(\text{Gating}) ) \), followed by equation number eleven in parentheses.] 

where [image: A black circle with a diagonal line crossing through it, resembling the symbol for "empty set" in mathematics.]  refers to the ReLU activation function; σ is the sigmoid function; [image: Italicized letter "I" with a subscript "b".]  denotes the input features; [image: The image shows the mathematical notation "W" with a subscript "c".]  represents different convolution kernels; [image: A small, lowercase letter "o" is depicted in a simple font against a white background.]  represents the output; and [image: Icon resembling a basic target design, featuring a central dot surrounded by a circle against a grid-pattern background.]  denotes the matrix multiplication.

In the second part, M3-UCRN combined multi-level feature extraction with an encoding-bottleneck-decoding process (Ronneberger et al., 2015). This architecture effectively captures crucial features in the spectral dimension by learning a compact representation of the data that filters out noise. By compressing the input into a lower-dimensional space, it suppresses irrelevant or noisy components, while preserving the original data structure and avoiding distortions or compression of spectral bands (Chiang et al., 2019; Casas et al., 2021; Konstantinova et al., 2021). The lower-level features were directly connected to the higher-level features to preserve and restore fine-grained details. By gradually reducing the feature dimension, high-level semantic features were extracted through the downsampling operation. After the features were compressed by a linear layer, they were fed into a recurrent neural network (LSTM) for sequence feature learning (Sherstinsky, 2020). The output of the LSTM was further expanded through a linear layer. The data size was gradually restored via upsampling operations during the decoding process. This module ultimately achieved fine-grained feature extraction. The core formulas of the UCRN module are as follows:

[image: Equation showing a max pooling operation: \( O_{\text{Maxpool}} = \max(I_b, I_{b+1}) \), labeled as equation (12).]

[image: Equation 13 describes \( O_{\text{Encoder}} = \phi (\sum (W \cdot O_{\text{Maxpool}})) \), where \( \phi \) represents an activation function, \( W \) is a weight matrix, and \( O_{\text{Maxpool}} \) denotes a max-pooled vector.]

[image: Mathematical equation displaying \( I_b = \sum (W_e \cdot \sum (W_i \cdot O_{\text{Encoder}})) \), labeled as equation (14).]

[image: Mathematical formula showing \( O_{l-1} = \sigma\left(\sum (W_l \cdot I_{l-1})\right) \) with the equation labeled as number 15.]

[image: Mathematical equation showing \( O_b = \sigma \left( \sum (W \cdot I_b) \right) \), labeled as equation (16).]

[image: Mathematical equation for \( O_{\text{bottleneck}} = \sigma \left( \sum (W_{\cdot} \cdot (O_{0} + O_{b-1})) \right) \) labeled equation seventeen.]

[image: Mathematical formula labeled as equation 18: \( I_{\text{decoder}} = \sum (W \cdot \sum ((W_{i} \cdot O_{\text{bottleneck}}))) \).]

[image: Mathematical expression showing an equation for \( O_{\text{Decoder}} = \phi (\sum (W \cdot \sum (W^T \cdot I_{\text{Encoder}} + \Theta_{\text{Encoder}}))) \) labeled as equation 19.]

where the input is denoted as Ib; Wc represents the weight matrices of different convolutional units; Wl represents the weight matrices of various linear layers; WT denotes the transposition of a weight matrix. The activation function is [image: A symbol representing the empty set, depicted as a circle with a diagonal line through it.] , specifically the Rectified Linear Unit (ReLU) activation function. The sigmoid function is denoted as σ. Additionally, Idecoder, Oencoder, and Odecoder correspond to the input of the decoding layer, the output of the encoding layer, and the output of the decoding layer, respectively.

The calculation formula for the Mask module of the input data is as follows:

[image: The image shows a mathematical equation: \( O = I \times \text{Mask}(I) \), with the number 20 in parentheses on the right side.]

where I denotes to the input data; Mask refers to the feature extraction module; and O refers to the output.

Then, we moved on to the most critical module, the Indexfind module. The core idea of this module was to leverage the network to automatically identify sensitive bands and vegetation indices from the spectral data. It consisted of two layers. The first layer aimed to identify sensitive bands from the full spectral sequence by conducting a comprehensive search across all spectral bands using the M4-NonlocalBandAttention module. This module utilizes a global attention mechanism and one-hot encoding vectors corresponding to each spectral band, allowing precise identification of the most relevant bands. Several improvements were introduced in the M4-NonlocalBandAttention module to enhance its performance over traditional attention mechanisms. Firstly, two layers of dilated convolutions were added before the global operation of attention to enhance feature extraction and eliminate spatial redundancy in spectra. Secondly, instead of a standard linear transformation, we used a global cosine similarity calculation to better capture the relationships between spectral bands across the entire wavelength range. This technique involves normalizing both the input features and the cosine similarity weight matrices, and then multiplying them. This approach helps better capture the relationships between spectral bands and enables more accurate alignment across the entire wavelength range. Thirdly, the similarity matrix of the attention weight matrix was replaced with a single sequence activation vector as a global alignment of weights. Fourthly, to further enhance band separability, particularly when dealing with noisy or overlapping spectral data, we introduced an adaptive cosine scaling factor. This factor multiplies with the band activation vectors, refining the selection of relevant bands by improving the separability and reducing noise overlap, which is crucial for accurate feature extraction (Zhang et al., 2019; Wilkinghoff, 2021). Fifthly, the softmax function was replaced with the modified uniform gumbel softmax function, which determined a specific band rather than the probability of a band. We replaced the gumbel noise with uniform noise, which had a certain regularization effect. The gumbel softmax function also enabled gradient-based updates during backpropagation by making the discrete distribution sampling process differentiable (Jang et al., 2017). Gumbel softmax introduced randomness. We employed the second step to control the range of input data. At the same time, we introduced a shrinking factor in gumbel softmax to reduce the influence of noise. The model results were stable. Finally, the feature output was passed through a sigmoid function and normalized to a range of 0-1 for physical compatibility with reflectance. The second layer of the Indexfind module used the sensitive bands identified by the M4-NonlocalBandAttention module to perform vegetation index calculations. These sensitive bands, selected through the attention mechanism, were expected to capture key spectral features that are most relevant for photosynthetic capacity estimation. The identified bands were then used to calculate various vegetation indices, which were designed to capture the non-linear relationships between spectral bands that reflect photosynthetic activity. We have constructed vegetation index formulas to calculate the non-linear combination of addition, subtraction, multiplication, and division. These formulas served as the main framework of the M5-IndexCal module (Equations 27–29).

[image: The equation depicted is: \( Q = \phi \left( \sum (W_c \cdot I_b) \right) \), labeled as equation number 21.]

[image: Equation showing V equals phi of the summation of the product of W subscript c and Q, labeled as equation 22.]

[image: Mathematical expression for \( K \) is defined as \( K = \alpha \sum \left( \frac{W_{i}}{|W_{i}|} \cdot \frac{V}{|V|} \right) \). The expression is labeled as equation 23.]

[image: Equation labeled 24 shows: A equals UGumbelSoftmax of the matrix product K transposed and the square root of D inverse.]

[image: Equation showing \( \tilde{p}_i = \frac{\exp((g_i + \log \pi_i)/\tau)}{\sum_j \exp((g_j + \log \pi_j)/\tau)} \). Equation number 25.]

[image: Mathematical equation displaying \( O_a = \sigma (A \cdot I_{ref}) \) with the number 26 in parentheses at the end.]

[image: Mathematical equation showing Index is equal to the difference between R sub 1 and R sub 2, divided by the difference between R sub 3 and R sub 4. The equation is labeled as 27.]

[image: Formula showing Index subscript 2 equals the sum of R subscript 1 and R subscript 2 divided by the product of R subscript 3 and R subscript 4, with equation number twenty-eight in parentheses.]

[image: Formula labeled as equation twenty-nine shows Index subscript three equals R subscript one divided by R subscript two.]

Ib denotes the input of M4. Iref denotes the reflectance data. Wc represents the weight matrices of different convolutional units. Wl represents the weight matrices of cosine similarity. α is the adaptive cosine scaling factor. The calculation of the adaptive cosine scaling factor can be found in Equations 35-38. UGumbelSoftmax denotes the uniform gumbel softmax. [image: Mathematical notation showing the Greek letter pi with a subscript i.]  denotes the input of uniform gumbel softmax. gi denotes the uniform noise. [image: Lowercase Greek letter tau, in a simple serif font, against a plain background.]  is the temperature factor. [image: Mathematical symbol showing a lowercase letter "p" with a prime symbol, subscripted by the lowercase letter "i".]  denotes the distribution of uniform gumbel softmax. The activation function is denoted by [image: A symbol resembling a zero with a diagonal line through it, often representing the null set in mathematics.] . D represents the data feature dimension. The sigmoid function is denoted as σ. The bands [image: The image shows the mathematical notation "R" with a subscript "1".] , [image: Mathematical notation representing the variable capital R with subscript two.] , [image: The text is "R subscript 3 comma".]  and [image: The image shows the mathematical variable \( R_4 \), with the numeral 4 as a subscript to the letter R.]  are identified by the NonlocalBandAttention module.

Next, the data from these three types of vegetation index features were concatenated. A convolutional layer was employed to extract features. The softmax function was used for index importance scoring. Subsequently, two linear layers were used for photosynthetic capacity estimation. The computation formula can be represented as follows:

[image: Mathematical expression showing \( S = \text{Softmax}\left(\sum(W \cdot h_{b})\right) \), labeled equation 30.]

[image: The equation shown is a mathematical expression: \( O = \sum (W_i \cdot \sum (w \cdot \sum (s, I_b))) \), labeled as equation (31).]

where Ib represents the input features; Wc denotes the weight matrix of the linear layer; Softmax denotes the softmax function; S denotes the gated ratio; Wl denotes the weight matrix of the linear layer; and O represents the predicted photosynthetic capacity.

The integration of attention mechanisms and gumbel softmax enabled the model to effectively prioritize the most relevant spectral bands. The M4-NonlocalBandAttention module captured long-range dependencies to identify sensitive bands, while the gumbel softmax technique facilitated the discrete selection of these bands in a differentiable manner, thereby enhancing model stability and regularization. Furthermore, the incorporation of vegetation indices enabled the non-linear combination of spectral bands, which improved the ability of the model to identify key features related to photosynthetic capacity. The gating mechanism dynamically selected the most informative indices, ensuring the extraction of critical spectral features for accurate estimation. Through these strategies, along with noise reduction and dimensionality reduction, the unified deep learning framework effectively identified meaningful patterns in hyperspectral data, thereby ensuring robust performance and improved generalization across diverse datasets.




2.4.2 Loss function design

The loss function of the model consisted of two components. One component was used for constraining the regression of photosynthetic capacity, which was calculated by MSE, as shown in the following equation:

[image: Mathematical equation representing mean squared error: \( MSE = \frac{1}{n} \sum_{i=1}^{n} (y_i - \hat{y}_i)^2 \), with equation number thirty-two.]

where [image: Mathematical notation showing the variable y with a subscript i.]  represents the actual value; [image: The image shows the mathematical symbol ŷ sub i, representing a predicted value in statistics or machine learning, often used in regression analysis.]  is the corresponding predicted value; and n is the number of samples.

The second component of the loss function was primarily intended for the Mask module. The Mask module functioned as a feature extraction module and should not change the data patterns. We proposed a correlation loss named MaskLoss for the input and output of the Mask module. A smaller MaskLoss value indicated a higher similarity between the input and output features. The MaskLoss was calculated using the following formula:

[image: The equation shows a formula for Mask Loss. It is represented as the sum from i equals one to n of absolute value of T sub i times O, divided by the sum from i equals one to n of the absolute value of T sub i times the sum of O, all divided by n.]

where I represents the input data; and O represents the output data after applying Mask.

The total loss was the sum of the two components:

[image: Equation showing AllLoss as the sum of MSE and alpha times MaskLoss, labeled as equation thirty-four.]

where α represents the scaling factor for MaskLoss, which was set to 0.05 during model training; and AllLoss refers to the overall model loss.




2.4.3 Solutions to prevent overfitting

Overfitting significantly hindered the ability of the model to generalize effectively to the testing set. To address this issue, we employed three techniques: early stopping, L2 regularization, and dropout.

Early stopping aimed to prevent overfitting by stopping the model training in the early stages (Caruana et al., 2000). This approach prevented the model from continuously learning the noise in the input data. It encouraged the model to focus on mapping higher-level features of the input data and generalize better to the testing dataset. In our case, we trained the model for 1000 epochs. We evaluated the validation dataset every 50 epochs and stopped training when the model did not improve after 500 epochs. We saved the model with the highest validation score throughout the training process. And the results usually occurred before the end of training.

L2 regularization was used to address overfitting (Byrd and Lipton, 2019). We set the initial regularization parameter weight decay to 10-3. By incorporating the L2 norm as the regularization term, we obtained an optimized solution with small and proximate, yet non-zero values for each parameter w that is associated with the feature. This regularization term also helped prevent the model from becoming complex to fit the training dataset and enhance the generalization capability of the model.

We also incorporated a dropout layer of 20% before the final linear layer to assist the model in avoiding overfitting. Dropout randomly deactivated a percentage of neurons during training. It prevented complex dependencies between neurons from forming. It encouraged neurons to work more independently. This led to simpler mappings from input to output.

Additionally, we added batch normalization layers within the network structure. Batch normalization sped up network convergence as a normalization technique. It also provided some regularization effects (Ioffe and Szegedy, 2015).




2.4.4 Parameter setting and model training

The input size is a 1×204 vector. Firstly, it underwent a gated convolutional unit M2, with an input channel size of 1, an output channel size of 128, a kernel size of 5, a stride of 1, and a padding value of 2. The gated factor is the result of convolution followed by sigmoid. The output shape of the gated convolutional unit is 64×204.

The shape of the input data to the encoding layer is 64×204. Firstly, it was passed through a mapping layer, which consisted of a two-layer one-dimensional convolution. The convolution layer has an input channel size of 64, a convolution kernel size of 5, a dilation factor of 2, a stride of 1, and a padding of 4. Then, the data entered the encoding layer with a pooling kernel size of 2. During the downsampling process, the channel size was doubled. Four downsampling modules were in the encoding layer with a channel size change of [64, 64, 64, 64]. The upsampling, or decoding layer, had the same channel size changes as the downsampling. The upsampling had a scaling factor 2 and utilized the nearest neighbor sampling method. The output of the upsampling was added to the corresponding output of the last encoding layer to prevent gradient disappearance. Finally, it passed through another layer with an input channel size of 64, an output channel size of 1, and a convolution kernel of 1. As a result, the output data shape is 1×204.

The data input shape for the Indexfind module was 1×204. It was simultaneously fed into three branches for index mining. The number of spectral sensitive bands required for the IndexCal module aligned with the number of core search modules in the NonlocalBandAttention module. Within the NonlocalBandAttention module, the attention weight matrix had an input channel of 1, an output channel of 64, a kernel size of 5, a dilation factor of 2, and a padding of 5. The output shape of the global operation was 64×204. Adacos scale factor was calculated by the formulas as follows:

[image: Mathematical formula displaying S equals the square root of two times the natural logarithm of the variable bandnum, followed by the number thirty-five in parentheses.]

[image: Equation depicting \( B = S \times x - \max(S \times x) \), labeled as equation 36.]

[image: The formula for the average is shown as \( B_{\text{avg}} = \frac{1}{N} \sum_{i=1}^{N} B_i \), followed by equation number 37.]

[image: Mathematical expression for alpha equals the maximum of S multiplied by star plus the natural logarithm of B subscript avg divided by the cosine of pi over four. Equation number thirty-eight.]

where bandnum denotes the number of bands; x denotes the input data; Bavg is the normalization of conditional probability; [image: Lowercase Greek letter alpha in a serif font.]  is the adaptive cosine scaling factor.

After transposing, the uniform gumbel softmax function was applied to obtain globally aligned weights. The shrinking factor of uniform gumbel softmax noise is 10. The global aligned weights were one-hot vectors. These weights were then scaled and multiplied with the input reflectance data before passing through a sigmoid function. The output shape was 1×64. The output of the NonlocalBandAttention module represented the activated reflectance data in sensitive bands. Subsequently, this output was fed into the IndexCal framework, which obtained three vegetation index features. Each vegetation index branch produced an output shape of 1×64.

Next, the data from these three types of vegetation index features were concatenated with a shape of 3×64. Then, two convolutional layers were employed with an input channel of 128, an output channel of 64, and a kernel size of 1. The softmax function was used for index importance scoring. The weighted sum of these index features was computed with a shape of 1×64. Subsequently, two linear layers were used. The first linear layer has an input channel of 64 and an output channel of 128. This dimensionality transformation allowed the output of the hidden linear layer to be mapped to a higher-dimensional space. It can introduce non-linear transformations and enhance the model expressive power. The second linear layer had an input channel of 128 and an output channel of 1. It reduced the high-dimensional features to a lower-dimensional space and extracted the most important and representative features. This combination of dimensionality transformations enabled the model to capture complex features flexibly and efficiently and improved its performance and generalization ability.

The data was randomly split into training, validation, and testing sets, with each set accounting for 80%, 10%, and 10%, respectively. We used the validation and testing sets to evaluate the model. The model was trained on the training set using the RAdam algorithm.

We randomized and divided the training set into mini-batches for network input. The batch size was set to 8 with an initial learning rate 0.001. We implemented the CyclicLR decay strategy. Training stopped upon reaching the maximum number of iterations. The parameter settings of the model can be found in the appendix.

We fed partitioned testing sets into the trained network for forward propagation during validation. Each spectral reflectance was linked to a predicted photosynthetic parameter value. We applied separate models for each of the two photosynthetic parameters. Test results from all deep learning models were averaged over three runs. The deep learning models were built and tested using the PyTorch deep learning framework. We utilized an NVIDIA GeForce RTX 2060 SUPER GPU with 8GB of memory.





2.5 Evaluation metrics

The performance of different models was evaluated based on the coefficient of determination (R2), root mean square error (RMSE), and mean absolute percentage error (MAPE). A model performed better if it had a higher R2 and lower RMSE and MAPE values.

[image: Mathematical formula showing the calculation of R-squared: \( R^2 = 1 - \frac{\sum_{i=1}^{n}(y_i - \hat{y_i})^2}{\sum_{i=1}^{n}(y_i - \bar{y_i})^2} \), labeled as equation 39.]

[image: Root Mean Square Error (RMSE) formula: RMSE equals the square root of the sum of squared differences between actual values \(Y_i\) and predicted values \(\hat{Y_i}\) from \(i=1\) to \(n\), divided by \(n\).]

[image: Formula for Mean Absolute Percentage Error (MAPE): MAPE equals one hundred divided by n, times the sum from i equals one to n of the absolute value of the difference between the forecasted value, y-hat sub i, and the actual value, y sub i, divided by y sub i. Equation number 41.]

where [image: The image shows a mathematical symbol consisting of a lowercase "y" with a circumflex accent above it, followed by a subscript "i".]  represents the predicted values of Vcmax and Jmax; [image: Mathematical notation showing "y" with a subscript "i".]  represents the values of Vcmax and Jmax fitted by the A-Ci curve; [image: Mathematical notation depicting the variable "y" with a subscript "m".]  represents the average measured values of Vcmax and Jmax, and n represents the number of samples in the testing set.





3 Results



3.1 Characteristics of photosynthetic capacity and hyperspectra

Figure 2 illustrates the characteristics of photosynthetic capacity and spectra. Vcmax ranged from 5 to 195 μmol m-2 s-1 throughout the growth period. Jmax ranged from 5 to 350 μmol m-2 s-1. Vcmax and Jmax values were predominantly distributed within the range of 60-100 and 100-200 μmol m-2 s-1, respectively. The ratio of Jmax/Vcmax was 1.93, with a standard deviation of 25.7. These findings aligned with previous studies (Wullschleger, 1993). Furthermore, a strong correlation was observed between Vcmax and Jmax (Qian et al., 2021). Figure 2D presents the hyperspectral reflectance data of leaf samples from both rice and wheat. Absorption peaks occurred at 410–450 nm and 660–690 nm. A reflection peak appeared at 500–550 nm.

[image: Four-panel scientific visualization: (A) Histogram of \( V_{\text{cmax}} \) values with frequency on the y-axis, showing a right-skewed distribution. (B) Histogram of \( J_{\text{max}} \) with frequency on the y-axis, resembling a normal distribution. (C) Scatter plot showing \( J_{\text{max}} \) vs. \( V_{\text{cmax}} \), with a regression line and statistics \( R^2 = 0.90 \), RMSE = 90.3, equation \( y = 1.93x + 25.7 \). (D) Reflectance vs. wavelength graph, displaying mean, 95% confidence intervals, and min/max lines across 400 to 1000 nanometers.]
Figure 2 | Statistical description of photosynthetic capacity and spectra. (A) Distribution of Vcmax. (B) Distribution of Jmax. (C) Correlation between the two photosynthetic parameters. (D) Hyperspectral reflectance data of leaf samples. A solid red line represented average reflectance. A black dashed line indicated the 95% confidence interval. Gray dotted lines marked maximum and minimum reflectance values of multi leaf samples.




3.2 Correlation between traditional vegetation indices and photosynthetic capacity

Figure 3 illustrates the correlation coefficients (ρ) between Vcmax and Jmax with various traditional spectral indices. High correlation coefficients were observed in several reflectance combinations, indicating potential relationships between the spectral indices and photosynthetic parameters. Specifically, Figures 3A, B, D, E highlight spectral regions between 490 to 530 nm and 560 to 660 nm, which are associated with the light absorption properties of chlorophyll and nitrogen content (Carter, 1994; Blackburn, 1998). In contrast, Figures 3C, F demonstrate that SIPI yielded a correlation coefficient (ρ) below -0.5, with λ1 between 600 and 690 nm and λ2 between 420 and 460 nm. This spectral range corresponds closely to the absorption spectra of total chlorophyll and the absorption properties of PSII and PSI (Laisk et al., 2014), which explained the observed hotspots in Figures 3C, F. SIPI (Figures 3C, F) exhibited the weakest correlation with photosynthetic capacity compared to other spectral indices. It was worth noting that there was a strong correlation between the combination of near-infrared and visible light and photosynthetic parameters, regardless of the spectral index used. Overall, the spectral indices demonstrated moderate correlations with photosynthetic capacity, with the highest correlation coefficient reaching approximately 0.5.

[image: Six heat maps comparing different variable interactions. Panels A to C depict Vcmax interactions with SR, mND, and SIPI. Panels D to F show Jmax interactions with the same variables. Both axes represent wavelengths in nanometers (nm). The color gradient ranges from -0.50 to 0.50, indicating the strength of the interaction.]
Figure 3 | The correlation coefficients (ρ) between Vcmax, Jmax, and spectral indices in wheat and rice leaves. (A, D) presents simple ratios (SR). (B, E) presents modified normalized difference index (mNDVI) (C, F) present structure-insensitive pigment index. The equations for these spectral indices can be found in Table 1.




3.3 Performance of the Indexfindnet under different power compression spectra

Figure 4 presents the spectra of different power compression ratios. The compressed spectral curves still retained the original trends. The decrease in the difference between the maximum and minimum values within the wavelength range of 400-720 nm was insignificant compared to 720-1000 nm when the compression ratio was less than 1. There was a significant increase in the difference between the maximum and minimum values within the wavelength range of 720-1000 nm with a compression ratio greater than 1 (Figures 4D–G). The spectral signals in the visible region were enhanced.

[image: Twelve graphs show spectral reflectance against wavelength for different POC values ranging from 0.1 to 2.0. Each graph displays a similar trend with variations in the intensity of reflectance, highlighted in pink shaded areas. POC increases from graph A to graph L.]
Figure 4 | Average power compression (POC) spectra for rice and wheat leaves. ‘POC=0.1’ denotes that the power compression ratio is 0.1. The pink-shaded region represents the difference between the maximum and minimum spectral values. The blue line represents the mean spectral reflectance. (A–L) represent different power compression ratio spectra.

This study evaluated the estimation accuracy of the Indexfindnet model using power compression spectra (Figure 5). R2, RMSE, and MAPE were calculated to assess the accuracy of the model on the validation dataset (Supplementary Table S1). The baseline model (Indexfindnet with no power compression, POC ratio=1.0) achieved an R² of 0.82, RMSE of 11.43 μmol m-2 s-1, and MAPE of 18.9% for Vcmax. For Jmax, the model yielded an R² of 0.80, RMSE of 25.75 μmol m-2 s-1, and MAPE of 16.5%. For the photosynthetic parameter Vcmax, the model based on POC-0.6 (POC ratio=0.6) achieved best performance, with an R2 of 0.86, RMSE of 10.10 μmol m-2 s-1, and MAPE of 15%. The best performance was observed with POC-0.1 (POC ratio=0.1) for Jmax, with an R2 of 0.81, RMSE of 25.33 μmol m-2 s-1, and MAPE of 16.8%. POC-2.0 (POC ratio=2.0) had the poorest performance for both photosynthetic parameters. For Vcmax, the R² dropped to 0.66, with an RMSE of 15.94 μmol m-2 s-1 and a MAPE of 26.0%. For Jmax, the performance was similarly lower, with an R² of 0.68, RMSE of 32.99 μmol m-2 s-1, and MAPE of 23.5%. The Indexfindnet model with POC ratios less than 1 consistently outperformed the baseline model, which was based on the uncompressed spectra. The R² values for the compressed models ranged from 0.83 to 0.86, with RMSE values between 10.05 μmol m-2 s-1 and 11.22 μmol m-2 s-1, while the baseline model achieved an R² of 0.82 and an RMSE of 11.43 μmol m-2 s-1 for Vcmax.

[image: Six radar charts comparing different metrics for \( V_{cmax} \) and \( J_{max} \). Charts (A) and (D) show \( R^2 \) values with shaded blue areas. Charts (B) and (E) display RMSE values with pink lines. Charts (C) and (F) present MAPE values with green areas. Each chart highlights metric variance across different parameters.]
Figure 5 | Performance of Indexfindnet in estimating photosynthetic parameters under different compressed spectra. The number around the outer circle represents the power compression ratio. The numbers inside the circle represent the axis labels of each evaluation metric. The unit of RMSE is μmol m-2 s-1. The value of MAPE represents a percentage. (A, D) are the R² values for estimating photosynthetic parameters under different power compression ratios; (B, E) are the RMSE values for estimating photosynthetic parameters under different power compression ratios; (C, F) are the MAPE values for estimating photosynthetic parameters under different power compression ratios.




3.4 Performance of Indexfindnet and traditional methods for leaf photosynthetic capacity estimation

Table 2 presents the performance comparison of the classical machine learning model and the Indexfindnet. The Indexfindnet model had a modest parameter count, remaining under one million. We can observe that the deep learning method performed better than traditional machine learning methods. The R2 values were 0.20-0.39 higher than those of the PLSR model. Specifically, the R² values for Vcmax and Jmax in the Indexfindnet model were 0.86 and 0.81, respectively, significantly higher than the PLSR model, which achieved 0.58 for Vcmax and 0.56 for Jmax. The RMSE and MAPE values were lower than the PLSR model by 6.1-12.48 μmol m-2 s-1 and 9%-15%, respectively. Before feeding the spectral data into the Indexfindnet model, POC was used to reduce the reflectance difference between visible light and near-infrared regions. This preprocessing step allowed the model to better focus on the local details of visible light. The compressed spectral data performed better across different models. Indexfindnet demonstrated the most impressive results in power compression spectra among the models, with the R² values for Vcmax and Jmax reaching 0.86 and 0.81, respectively, and an average absolute error of approximately 15% for Vcmax and 17% for Jmax.

Table 2 | The performance of each model in estimating the photosynthetic capacity of maximum carboxylation rate and maximum electron transfer rate.


[image: Table comparing the performance of different models and processes. Columns include Model, Process, Parameters (M), R², RMSE, Predictions (Preds), and MAPE for \(V_{cmax}\) and \(J_{max}\). Models include SVR, PLSR, OneDCNN, IndiceCNN, and Indexfindnet with processes SG and SG-POC. Notable results are highlighted in performance, with the Indexfindnet SG-POC showing the best RMSE and MAPE for \(J_{max}\). RMSE units are μmol m⁻² s⁻¹. MAPE shows percentage error, and parameters indicate the number of model parameters in millions.]



3.5 Photosynthesis-sensitive bands and vegetation indices discovered by Indexfindnet

Sensitive bands significantly contributed to the prediction of photosynthetic capacity. They can be identified through weight analysis of the NonlocalBandAttention module from the best trained model which has the highest accuracy. The results of the search for characteristic wavelengths for photosynthetic capacity are shown in Figures 6A, B. The wavelengths at 410-470 nm, 510-530 nm, and 660-690 nm play a crucial role in predicting the photosynthetic capacity. Other wavelengths have little impact on the photosynthetic capacity. The spectral characteristic wavelengths sensitive to photosynthetic capacity were ranked based on search numbers. The top eight wavelengths for Vcmax were 667, 525, 415, 471, 795, 905, 935 and 750 nm. The top eight wavelengths for Jmax were 667, 471, 905, 525, 415, 750, 688, and 706 nm.

[image: Four graphs depicting frequency distributions. Graph (A) shows the frequency of bands for V\(_{cmax}\) across wavelengths from 400 to 1000 nm, with peaks around 450 nm and 680 nm. Graph (B) illustrates the frequency of bands for J\(_{max}\) over the same wavelength range, with notable peaks around 480 nm and 720 nm. Graph (C) displays the frequency of V\(_{cmax}\) indices for vegetation types, with Add-mul having the highest frequency, followed by Sub-sub and Div. Graph (D) shows J\(_{max}\) indices for vegetation, with a similar pattern of Add-mul highest, followed by Sub-sub and Div.]
Figure 6 | The distribution of the sensitive bands and index formulas for photosynthetic capacity Vcmax and Jmax identified by the Indexfindnet model. The vertical axis represents the frequency from all channels at which the wavelength or indices were identified by the best model. (A, B) represent the distribution of sensitive bands, and (C, D) represent the frequency of vegetation indices.

The ranking of the spectral indices discovered through automatic model search can be seen in Figures 6C, D and Table 3. The most effective vegetation index formula identified for both Vcmax and Jmax was [image: Mathematical expression showing the equation: \((R_{\text{mix}} + R_{\text{g}}/b) / (R_{\text{mix}} \times R_{\text{r}})\).]  (Table 3). The computation between the near-infrared wavelength and the shorter wavelength is important regardless of the type of index (Table 3).

Table 3 | Spectral indices searched out by the Indexfindnet.


[image: Table displaying formulas for different indices related to traits \(V_{max}\) and \(J_{max}\). Each column (Index1 to Index5, and Index) shows specific mathematical expressions involving reflectance values \(R\). Descriptions below explain the indices and reflectance terms such as near-infrared, green/blue, and red bands.]
Further validation was conducted to investigate the effectiveness of the identified wavelength bands. The reflectance of sensitive bands was used as input variables for machine learning algorithms to estimate photosynthetic capacity. The results are presented in Table 4. The accuracy of the model remained unaffected when using only the top eight sensitive bands instead of the full spectrum. Although there was a slight increase in the root mean square error and average error percentage compared to the full spectrum, it was not significant. The sensitive spectral band results of the SVR model in estimating Vcmax and Jmax even exceeded the full spectrum. The results demonstrated that the estimation of photosynthetic parameters using automatically identified band reflectance was close to those of the full spectrum. The bands identified by our model yielded higher estimation of photosynthetic parameters compared to those proposed by the classic machine learning model (PLSR). Furthermore, these results validated the reliability and effectiveness of the model in identifying wavelength bands.

Table 4 | The photosynthetic capacity estimation results of different machine learning methods for the full spectrum wavelength bands, the sensitive bands identified through Indexfindnet and the sensitive bands identified by classic machine learning model (PLSR).


[image: Comparison table showing performance metrics for SVR and PLSR models across different treatments: Full, Indexfindnet Filtered, and PLSR Filtered. Metrics include R², RMSE in micromol per meter squared per second, and MAPE. Bold values indicate the best performance for each metric. Key information explains treatment terminology and measurement units.]



3.6 Performance of Indexfindnet at different spectral resolutions

To investigate the applicability of the Indexfindnet model at different spectral resolutions, the R2, RMSE, and MAPE were calculated to evaluate the Indexfindnet model performance (Supplementary Table S1). Figure 7 demonstrates the performance of Indexfindnet in estimating the photosynthetic capacity across various spectral resolutions. Overall, there was no significant difference in the performance of the model for estimating the two photosynthetic parameters across different spectral resolutions. The spectrum with 300 bands exhibited the highest performance in estimating Vcmax and Jmax, with an R2 of 0.81-0.85, RMSE of 10.5-25.6 μmol m-2 s-1, and MAPE of 17%. The spectral sequence based on 600 bands showed the poorest performance for Vcmax and Jmax. The model showed high predictive accuracy on 1 nm resolution spectral data from previous studies (Supplementary Figure S6), which achieved an R² of 0.75 for Vcmax and 0.79 for Jmax. In general, the variety in spectral resolution had minimal impact on the performance of the model.

[image: A series of scatter plots labeled A to R, showing predicted versus measured values for \( V_{max} \) and \( J_{max} \) across multiple resampling rates (60 to 600). Each plot includes a linear regression equation, R-squared value, RMSE, and MAPE. Red data points are scattered around each blue fitted line, with dashed lines representing ideal prediction. Resampling rates vary, showing different accuracies in linear fittings. The \( y \)-axes measure predicted values, while the \( x \)-axes represent measured values.]
Figure 7 | Scatter plots of estimation of the photosynthetic parameter Vcmax and Jmax at different spectral resolutions. The “Resample 60” refers to the spectral sequence being resampled to 60 bands, which is also reflected in the naming convention used in the other subfigures. The black dashed line represents the 1:1 line at a 45-degree angle. The darkblue solid line represents the trendline of the linear fit. (A–I) represent the scatter plots of estimation of Vcmax at different spectral resolutions, and (J–R) represent the scatter plots of estimation of Jmax at different spectral resolutions.'





4 Discussion



4.1 Advantage of Indexfindnet over traditional methods

Modeling photosynthetic capacity with vegetation indices showed weak ability with correlation coefficients below 0.6 (Section 3.2). This weakness may stem from challenges in finding spectral indices with optimal band combinations (Chen et al., 2022) or the limitations of linear modeling in capturing the complex nonlinear relationship between vegetation indices and photosynthetic capacity. Traditional machine learning methods like PLSR reduced spectral data to a few principal components and had weak representational capacity. The results of photosynthetic capacity estimation also performed poorly (Section 3.4). Although IndiceCNN performed well, it relied on uninterpretable features across a wide and chaotic spectrum of bands in the calculation of vegetation index formulas due to dilated convolution and pooling operators, which may result in imprecise biophysical features (Deng et al., 2024).

The deep learning model developed in this study can effectively address these issues. Previous models that used deep learning to extract spectral features were mostly uninterpretable (Furbank et al., 2021; Wang et al., 2021b, 2022; Deng et al., 2024). In contrast, our model Indexfindnet incorporated an interpretable neural network architecture (Figure 1). It employed a Mask module to feature extraction. We constrained the input features of attention layer using MaskLoss. (Section 2.4.2). The feature map of the Mask module is shown in Figure 8. It can be seen that the reflectance characteristics of remained unchanged. The reflection troughs of blue light and red light, as well as the reflection peaks of green light, were highlighted. This was advantageous for the subsequent module NonlocalBandAttention to extract the positions of sensitive bands. A global band attention module was used to obtain a global one-hot activation vector in the NonlocalBandAttention module. Figure 9 illustrates the global one-hot vectors obtained from different channels. These vectors served as the global alignment weight for automatic band search. They provided a deterministic band selection from global spectra on each channel rather than a probability distribution. The extracted band spectra were then fed into the vegetation index calculation module. This module integrated the biophysical features from multi sensitive bands response to photosynthetic capacity. We selected the most important index form features by gating mechanism. We can achieve precise band and vegetation index selection through this interpretable network structure.

[image: Twelve graphs display reflectance features for samples one to twelve across wavelengths from zero to one thousand nanometers. Samples one to four are in blue, five to eight in pink, and nine to twelve in green. Each graph shows distinct peaks and troughs, highlighting variations in reflectance features.]
Figure 8 | The feature maps of the Mask module. The values on the y-axis represent the weights of feature activation. (A–L) represent the 12 feature maps of the Mask module.

[image: Twelve line graphs labeled from Channel 1 to Channel 12, each showing a single activation weight peak at a specific wavelength. The x-axis represents wavelength in nanometers (nm), ranging from 500 to 1000, and the y-axis represents activation weight ranging from 0 to 1. Channels 1 to 4 are blue, Channels 5 to 8 are red, and Channels 9 to 12 are green, with distinct peaks for each channel.]
Figure 9 | The one-hot vector found by the NonlocalBandAttention module. The index with a value of 1 in this vector represents the positions of a sensitive band. (A–L) represent the 12 one-hot vectors of the NonlocalBandAttention module.

Notably, this interpretable model exhibited superior performance in estimating photosynthetic capacity compared to traditional methods. Specifically, it demonstrated estimation accuracy above 0.8 for Vcmax and Jmax. Among the traditional models, one-dimensional convolutional neural networks outperformed SVR and PLSR. This observation underscored the powerful feature extraction capability of deep learning. Numerous studies have successfully employed deep learning-based spectral analysis methods to predict various indicators with satisfactory results (Yu et al., 2018; Xin et al., 2020; Zhang et al., 2020; Wang et al., 2021b). These findings demonstrated the great potential of deep learning in handling high-dimensional spectral data.




4.2 The bands and vegetation indices searched by Indexfindnet and the underlying mechanisms of spectra response to photosynthesis

Compared to previous studies (Serbin et al., 2012; Barnes et al., 2017; Meacham-Hensold et al., 2019; Fu et al., 2020; Wang et al., 2021a), the sensitive bands identified by our model resulted in higher estimation for photosynthetic capacity (Table 4). This improvement is attributed to the ability of the model to target wavelengths that are directly linked to the key photosynthetic processes. These wavelengths are crucial for capturing the biochemical and structural properties of leaves, which are fundamental to understanding and estimating photosynthetic capacity. Our findings indicated that photosynthetic capacity exhibited characteristic bands predominantly in the visible regions (400-700 nm) (Section 3). Red spectra (600-700 nm) and blue spectra (400-500 nm) were the most prevalent. Green spectra (500-560 nm) and near-infrared spectra (700-1000 nm) came next. The regions identified by the model were mainly consistent with the areas where the leaves absorb (Zhang et al., 2021). PSII primarily absorbs blue light. PSI absorbs red light (Gitelson et al., 2022). Green light can efficiently drive photosynthesis once absorbed (Wolf and Blankenship, 2019; Gitelson et al., 2022). Far-red light (700-750 nm) enhances photosynthesis in synergy with shorter wavelengths (Emerson et al., 1957; Kono et al., 2020; Zhen et al., 2022). In addition to the portion absorbed by leaves, near-infrared spectra also accounted for a significant proportion. Near-infrared spectra are affected primarily by leaf structure (750-1000 nm) (Slaton et al., 2001). The Ames exposed to IAS has also been strongly associated with photosynthetic performance in numerous species (Sinclair et al., 1977; Longstreth et al., 1985). These structural features of leaves determine the depth into the leaf interior that visible light wavelengths can propagate and be absorbed. By focusing on biologically relevant spectral bands—such as red, blue, and NIR—the model is better aligned with the core processes of photosynthesis, enhancing its adaptability across species and environments. Moreover, the use of fewer, targeted bands makes the estimation process faster, more cost-effective.

Studies presented different sensitive band wavelengths for these specific spectral regions (Serbin et al., 2012; Barnes et al., 2017; Meacham-Hensold et al., 2019). Samples collected from different periods, regions, and species had different physical and chemical properties, such as shape and leaf thickness. As a result, the spectral response of photosynthesis also tended to be different. However, deep learning methods achieved better results than traditional machine learning methods when searching for feature wavelengths on larger datasets due to their strong feature representation ability (Serbin et al., 2012; Barnes et al., 2017; Meacham-Hensold et al., 2019; Fu et al., 2020; Wang et al., 2021a). When dealing with a large scale of spectral and photosynthetic samples, deep learning methods excelled at capturing and reconstructing more features through Indexfindnet. The selected characteristic wavelengths became more stable and accurate after multiple iterations.

The model results suggested that vegetation indices [image: A mathematical expression is shown: \((R_{\text{min}} + R_{g/b}) / (R_{\text{min}} \times R_{f})\).]  were crucial for predicting photosynthetic capacity. It indicated that the interaction between near-infrared light and shorter-wavelength light was of significant importance for photosynthesis (Wong et al., 2020). The correlation between spectral indices and photosynthetic capacity also confirmed the model results (Section 3.2). Near-infrared spectroscopy reflects the structural characteristics of leaves, further reflecting whether the light can reach deeper parts of the leaves and be absorbed. Visible spectroscopy reflects the absorption of light by mesophyll cells. Numerous studies have demonstrated the ability and mechanisms of similar index types in relation to photosynthesis (Qian et al., 2019). The normalized difference vegetation index, proven to be a good indicator of photosynthesis, utilizes the interaction between near-infrared and red light (Gamon et al., 1995). The second most important was the double-difference vegetation indices [image: Equation showing \((R1 - R2)/(R3 - R4)\).] . PRI and SIPI are both indices of this type. PRI was widely used because it represented the de-epoxidation of xanthophyll pigments and indicated an increase in zeaxanthin concentration (Garbulsky et al., 2011; Peñuelas et al., 2011; Sukhova and Sukhov, 2018). PRI is closely related to NPQ and photosynthetic efficiency (Goerner et al., 2011). The Structure Insensitive Pigment Index (SIPI) is correlated with leaf chlorophyll content (Dash and Curran, 2007). Since chlorophyll content plays a significant role in photosynthesis, derived indices based on chlorophyll content can serve as reliable indicators of photosynthetic capacity (Croft et al., 2017). By aligning with key physiological processes—such as photosystem efficiency and chlorophyll content—these indices enhance the predictive accuracy of the model, providing a more precise and biologically meaningful estimation of photosynthetic capacity.

When the full spectrum and the sensitive bands identified by Indexfindnet were used as inputs for various machine learning models, the results showed that the estimated photosynthetic capacity using the sensitive bands were either similar or even superior to those obtained using the full spectrum. These results suggested that the bands identified by Indexfindnet effectively represented the photosynthetic capacity. The slight decrease in the results was attributed to the loss of detailed information of spectral local features.




4.3 Impact of signal enhancement on the underlying mechanisms of spectra response to photosynthesis

The power compression transformation was widely used in processing speech spectral signal features (Li et al., 2021b). Green leaves absorb more visible light and show higher reflectance in the near-infrared region. This fact led to significant differences in reflectance values between these two parts. When training a network using criteria such as MSE, the optimization process tended to prioritize regions with larger spectral values. Because optimizing these regions resulted in a more noticeable reduction in the loss, this would lead to a blurred spectral structure in the low values region such as visible light. Therefore, applying an appropriate compression function to balance the loss disparity between different spectral regions can allow the network to capture more detailed information in the regions with weaker signals. This operation can enhance the spectral signals in the visible region and improve the quality of spectral feature extraction. Consequently, the performance of the model improved with a compression ratio below 1 and deteriorated with a compression ratio exceeding 1. This was why the accuracy of Vcmax and Jmax estimation models can reach above 0.8 when the compression ratio is 0.6 and 0.1, respectively.

Supplementary Figure S3 displays the sensitive bands identified by Indexfindnet under different spectra using power compression. The top eight wavelengths for Vcmax were 667, 525, 905, 471, 795, 415, 935, and 750 nm. The top eight wavelengths for Jmax were 667, 750, 415, 471, 905, 795, 525 and 816 nm. The sensitive band distribution found by the model under mean compressed spectra was similar to the original spectrum. Because the compressed spectra did not alter the entire shape characteristics of the spectrum. Overall, the visible light range (400-700 nm) was still the most important for photosynthetic capacity. The near-infrared (700-1000 nm) light played a synergistic role but with reduced importance. The connection between near-infrared and visible light still plays a major role in predicting photosynthetic capacity (Supplementary Table S3).




4.4 Applicability of the Indexfindnet under different spectral resolutions

Our findings indicated that the proposed Indexfindnet performed well at various resolutions, both on our simulated resampled data (Figure 7) and previously reported experimental data (Supplementary Figure S6). These results increased the possibility of extending the utility of Indexfindnet to large spatial scales in handling advanced and upcoming satellite or airborne hyperspectral and multispectral data. The model achieved a slightly lower performance of estimated photosynthetic capacity when it sampled 600 bands. This was attributed to the increased difficulty for the model to determine the sensitivity of each band with more bands and the increased data redundancy.

Supplementary Figures S4, S5 display the sensitive bands identified by Indexfindnet under different spectral resolutions. The model detected sensitive bands across different resolutions consistently. The distribution of sensitive bands the model identifies was more concentrated in the visible light range. There were more and higher peaks of sensitive bands in the visible light region, whether in lower or higher resolutions. The higher or lower resolution spectra obtained by resampling would affect the peak position of sensitive bands. However, the main regions remained unchanged. This made Indexfindnet a promising approach to facilitating different-scale remote sensing of photosynthetic capacity. Supplementary Table S4 displays the vegetation indices identified by Indexfindnet at different spectral resolutions. It can be observed that the importance of the synergistic effect between near-infrared and visible light remained unchanged regardless of the changes in resolution.




4.5 Limitations and prospects

The newly developed Indexfindnet has shown remarkable performance in estimating photosynthetic capacity. We also verified the effectiveness of Indexfindnet to identify sensitive bands of vegetation indices within high-dimensional spectral wavelengths. We established the form of the vegetation index based on commonly used indices. Further research is needed to apply deep learning to automatically learn more complex forms of vegetation indices. Meanwhile, the applicability of the model to other species and indicators need to investigate. In this study, only one spectral preprocess method was utilized. Additional mathematical spectral treatments can be explored to enhance the accuracy of the model. This study incorporated the visible and near-infrared spectral regions. Further investigation into spectral regions that encompass the short-wave infrared portion is needed.





5 Conclusion

We developed an interpretable deep learning model for evaluating leaf photosynthetic capacity based on global spectral dimensional information mining. The Indexfindnet model outperformed traditional methods in estimating photosynthetic capacity. The model improved the utilization of spectral dimensional information. Visible light, especially red and blue light, was the most sensitive region identified by the model, followed by the near-infrared region. The interaction between near-infrared spectra and visible spectra was crucial for photosynthetic capacity. Signal enhancement presented an opportunity to improve the performance of deep learning using hyperspectra. Our developed model also remained stable under different resolutions. However, the performance of the model could be influenced by specific factors, such as extreme environmental conditions, poor spectral data quality and variations in spatial resolution. Additionally, its adaptability across different platforms and scalability for large datasets require further evaluation. Future research should focus on assessing the robustness of the model under diverse conditions and enhancing its efficiency for broader applicability in real-world scenarios. These advancements could provide a foundation for future research to fully explore spectral features and deep insights into the mechanisms of spectra response to photosynthesis.
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Introducion

Chrysanthemum morifolium Ramat (hereinafter referred to as Chrysanthemum) is one of the most beloved and economically valuable Chinese herbal crops, which contains abundant medicinal ingredients and wide application prospects. Therefore, identifying the classification and origin of Chrysanthemum is important for producers, consumers, and market regulators. The existing Chrysanthemum classification methods mostly rely on visual subjective identification, are time-consuming, and always need high equipment costs.





Methods

A novel method is proposed to accurately identify the Chrysanthemum classification in a swift, non-invasive, and non-contact way. The proposed method is based on the fusion of deep visual features of both the front and back sides. Firstly, the different Chrysanthemums images are collected and labeled with origins and classifications. Secondly, the background area with less available information is removed by image preprocessing. Thirdly, a two-stream feature extraction network is designed with two inputs which are the preprocessed front and back Chrysanthemum images. Meanwhile, the incorporation of single-stream residual connections and cross-stream residual connections is employed to extend the receptive field of the network and fully fusion the features from both the front and back sides.





Results

Experimental results demonstrate that the proposed method achieves an accuracy of 93.8%, outperforming existing methods and exhibiting superior stability.





Discussion

The proposed method provides an effective and dependable solution for identifying Chrysanthemum classification and origin while offering practical benefits for quality assurance in production, consumer markets, and regulatory processes. Code and data are available at https://github.com/dart-into/CCMIFB.





Keywords: Chrysanthemum classification, two-stream network, visual information, feature fusion, deep learning




1 Introduction

Chrysanthemum morifolium Ramat (hereinafter referred to as Chrysanthemum), a traditional iconic flower in China, boasts a wide variety of species, versatile applications, and a long-standing cultivation history. Chrysanthemums exhibit remarkable aesthetic appeal and hold substantial economic as well as medicinal value. They abound in flavonoids (Sun et al., 2021), volatile oils (Zhan et al., 2021), chlorogenic acid (Chen et al., 2021a), sesquiterpenes (Jiang et al., 2021), triterpenes, and amino acids, delivering advantageous health attributes like anti-inflammatory (He et al., 2019), antimicrobial, antioxidant (Youssef et al., 2020), anti-HIV, and anticancer effects (Yang et al., 2017). Chrysanthemums have found wide applications in food, tea, ornamentation, and pharmaceuticals. Particularly, Chrysanthemum tea is highly cherished for its health benefits like heat-clearing, digestion-enhancing, liver-nourishing, and vision-boosting effects (Yuan et al., 2020). Nevertheless, their quality and pricing are contingent upon their place of origin. Identifying the classification and origin of Chrysanthemum rapidly and precisely is important for producers, consumers, and market regulators.

Traditional methods of origin identification mainly comprise plant phenotype analysis and physicochemical analysis. Plant phenotype analysis heavily relies on human intervention, involving expertly trained assessment teams to primarily discern the characteristics of Chrysanthemums, including shape, color, and odor. The huge group of China’s traditional Chrysanthemum categories, coupled with the yearly cultivation of numerous new breeds, contribute to an immensely diverse array of species. Additionally, Chrysanthemums display a rich array of colors and intricate floral structures. Its inflorescences are diverse in shape, with variable proportions of tubular and ligulate flower composition, especially characterized by an increase in the number of ligulate flowers. Many Chrysanthemum categories share a high degree of similarity, making manual identification methods time-consuming, prone to errors, and challenging for large-scale variety classification and identification tasks. In the realm of physicochemical analysis of plants, researchers have introduced various analytical instruments and conducted extensive studies. Techniques such as GC-MS, electronic nose (Luo et al., 2017), FT-IR (Liu et al., 2008), ICP-MS (Long et al., 2013), LC×LC-Q-TOF/MS (Chen et al., 2021b), in conjunction with chemometrics, have been utilized for the identification of Chrysanthemum origins. These methods primarily ascertain the geographical origin and category origin of Chrysanthemums by detecting the content of effective components, providing advantages of excellent repeatability and high sensitivity. Nevertheless, these analytical methods face challenges such as intricate sample preparation, prolonged analysis duration, and overreliance on costly equipment such as infrared spectrometers and electronic nose devices. Therefore, the urgency to develop a swift, non-invasive, and non-contact method for Chrysanthemum classification becomes especially pronounced.

In recent years, ample research has demonstrated that the future progress of plant phenotype analysis relies on the utilization of computer vision and deep learning methods. This method has surpassed the limitations of manually gathering plant phenotype data, which offers a robust avenue for plant phenomics research. Analyzing and processing plant image data facilitates the automatic measurement of plant morphological features, including leaf area, presenting a swift, efficient, and precise method for botanical morphological research. Some researchers have proposed a novel DFN-PSAN (Dai et al., 2024) model that effectively integrates multi-scale relevant features extracted from different network layers to accurately identify crop diseases in natural agricultural environments. Additionally, the ITF-WPI (Dai et al., 2023) model successfully identifies 17 common pests of goji berries by incorporating a context-aware Transformer network and a Pyramid Squeeze Attention (PSA) mechanism, achieving promising results. Some researchers have devised learning-enhanced methodologies integrating the Inception-v4 convolutional neural network for grading and fraud detection of saffron images taken with smartphones (Momeny et al., 2023). Additionally, Researchers utilize computer vision techniques to detect pests (Hadipour-Rokni et al., 2023), plant diseases (Momeny et al., 2022), maturity (Azadnia et al., 2023) in citrus fruits, and more. These endeavors illustrate the extensive prospects of computer vision technology in botanical morphological studies. Recent research has aimed to utilize image feature extraction methods for identifying and detecting Chrysanthemum categories. Some researchers undertook preliminary variety identification by extracting Gray Level Co-occurrence Matrix(GLCM) (Zhai et al., 2016) textures from images of 20 ornamental Chrysanthemum categories. Additionally, other researchers utilized hyperspectral imaging to measure spectral reflectance values from various parts of Chrysanthemum ray florets and analyzed their correlation with the measured pigment content. Moreover, researchers extracted Local Binary Pattern (LBP) (Liu et al., 2017) texture features from unfolded images of 24 Chrysanthemum categories. However, these methods were limited to recognizing the overall inflorescence shape and ray floret patterns of Chrysanthemums, relying only on single-side information and ignoring the potential of both front and back views. Therefore, they lacked the capability for precise identification of Chrysanthemum categories.

To address the aforementioned issues, this paper presents a Chrysanthemum classification via the fusion of deep visual features of both the front and back sides. This method employs a deep neural network to extract the color, texture, and shape features of Chrysanthemums, facilitating the classification of Chrysanthemum species. The key steps are as follows. Firstly, the different Chrysanthemum images are collected and labeled with origins and classifications. Secondly, the background area with less available information is removed by image preprocessing. Thirdly, a two-stream feature extraction network is designed with two inputs which are the preprocessed front and back Chrysanthemum images. Meanwhile, the incorporation of single-stream residual connections and cross-stream residual connections is employed to extend the receptive field of the network and fully fusion the features from both the front and back sides. The proposed method demonstrates a robust solution for chrysanthemum classification by integrating deep visual features from both front and back views. This method addresses the pressing need for rapid, non-invasive classification techniques in the agricultural and medicinal industries, enabling efficient quality assessment and traceability of Chrysanthemum products.

The primary contributions of this paper include:

	Proposing subjective screening criteria for Chrysanthemum images, excluding non-compliant ones, thereby providing a clean and standardized dataset for classification.

	Introducing a two-stream neural network model tailored to the unique structure and morphology of chrysanthemums, enabling extraction of critical features from both sides of the flower.

	Presenting a strategy for integrating deep features from both sides through inter-layer and inter-path interactions, facilitating comprehensive fusion of front and back chrysanthemum features.



The subsequent sections of this paper are organized as follows: Section 2 delves into relevant work on image classification and Chrysanthemum species recognition. Section 3 elaborates on the structure and specifics of the proposed network. Section 4 delineates the results of performance evaluation experiments. Finally, Section 5 concludes the paper.




2 Related work



2.1 Image classification based on visual features

Image classification is a fundamental challenge in computer vision, aiming to categorize images into distinct classes. Traditional machine learning methods have been utilized for image classification over recent decades. Yet, with the evolution of deep learning, deep neural networks have emerged as the forefront method for image classification. ResNet (Residual Network), introduced by He et al. (He et al., 2016), enhances accuracy by considerably increasing depth. Its internal residual blocks use skip connections, alleviating the vanishing gradient issue in deep neural networks. Lin et al. (Lin et al., 2015). introduced BCNN (Bilinear CNN), which utilizes bilinear pooling to grasp pixel relationships among images for classification. It captures global feature information by computing the outer product of two CNN feature maps, making it a highly representative model for fine-grained weakly supervised learning. Researchers from Stanford University and Facebook AI Research introduced RegNet (Radosavovic et al., 2020) which is a novel convolutional neural network. It achieves heightened accuracy and reduced parameter count through automated network structure search. EfficientNet (Tan and Le, 2019), published by Google, improves model performance through balanced scaling in depth, width, and resolution. With the advent of attention mechanisms, numerous researchers have implemented them in image classification tasks. SENet (Hu et al., 2018) (Squeeze-and-Excitation Network), introduced by Hu et al., dynamically adjusts feature map weights using attention mechanisms to enhance image classification performance. CBAM (Woo et al., 2018) (Convolutional Block Attention Module), introduced by Woo et al., combines channel and spatial attention to optimize the model’s attention on various image regions, thereby improving image classification performance. Swin-T (Liu et al., 2021), proposed by researchers from The Chinese University of Hong Kong and Microsoft Research Asia, achieves increased accuracy and decreased computational complexity through multi-level partitioned attention mechanisms. TinyViT (Wu et al., 2022), introduced by researchers from Microsoft, is a novel compact ViT. It transfers knowledge from large pre-trained models to smaller ones using swift pre-training distillation methods, allowing smaller models to leverage abundant pre-training data. ConvNeXtV2 (Woo et al., 2023), an extension derived from the ConvNeXt (Liu et al., 2022) architecture inspired by MAE (He et al., 2022), introduces a new Global Response Normalization (GRN) layer to enhance competitive feature expression among channels within the original ConvNeXt modules, thereby better capturing discriminative channel features. Liu Liu et al. (2023) et al. propose EfficientViT, a family of high-speed vision transformers that enhance memory efficiency and reduce computational redundancy, achieving high accuracy. Wang Wang et al. (2024) et al. re-examined the efficient design of lightweight CNNs and highlighted their potential on mobile devices. By integrating the efficient architecture design of lightweight ViTs, they progressively enhanced standard lightweight CNNs, resulting in RepViT, which demonstrates excellent performance-latency balance.

Presently, within the realm of Chrysanthemum research, deep learning methods are progressively emerging. Fu et al. (Long et al., 2023). combined hyperspectral imaging technology with chemometrics to explore and apply the discrimination of Hangbaiju’s origins. Yuan et al (Yuan et al., 2018). employed convolutional neural networks for Chrysanthemum flower identification, achieving an identification rate of approximately 95%. Nonetheless, it categorized only 5 flower types and could not accurately discern categories. Following that, they introduced a Chrysanthemum image phenotype classification framework based on transfer learning and bilinear convolutional neural networks (Yuan et al., 2022). Utilizing a symmetrical VGG16 network as a feature extractor, they eventually fed global features into the classification layer for sorting. Liu et al. (Liu et al., 2019b). captured 14,000 images of 103 large Chrysanthemum categories using an image acquisition device. Leveraging the concept of transfer learning, they established a recognition model for these categories based on VGG16, GoogLeNet, and ResNet50 deep convolutional neural networks. However, the clustering and visualization of extracted deep features did not manifest distinct distribution patterns. Wang et al. (Wang et al., 2022). integrated AP clustering analysis with deep features, proposing a multi-information model based on deep learning for the identification and classification of large-flowered Chrysanthemums. Building upon the traditional VGG16 convolutional neural network, Huang et al. (Huang and Liu, 2023). introduced an enhanced multi-scale, multi-parallel convolutional neural network termed VGG-Inception. Utilizing parallel network structures and global pooling layers maintains model depth and augments network width while reducing parameters to just 9% of the original VGG16. The utilization of auxiliary classifiers mitigates gradient vanishing, thereby enhancing the model’s ability to generalize.




2.2 Deep Multi-Path Networks

Deep Multi-Path Networks represent intricate neural network structures employing multiple parallel processing pathways to concurrently handle diverse inputs or feature channels, striving to comprehensively capture image information and bolster processing efficiency. This architecture permits diverse pathways to specialize in distinct feature extraction or tasks. By amalgamating the outputs from these pathways, it generates more precise or comprehensive outcomes, exhibiting significant relevance across multiple domains of image processing. Ma et al. (Ma and Oh, 2022). introduced a two-stream network based on wavelet transform to address color deviations and blurry details in underwater images. Pan et al. (Pan et al., 2021). introduced a method to enhance synthesized view quality based on a two-stream attention network (TSAN). The global information extraction stream learns contextual information, while the local information extraction stream extracts texture details from rendered images. The Multi-Scale Residual Attention Block (MSRAB) effectively detects features of varying scales and optimizes them by considering spatial interdependencies. Liu et al. (Liu et al., 2019a). proposed a driver fatigue detection method utilizing a two-stream network model integrating various facial features. It extracts static features from partial facial images and dynamic features from partial facial optical flow, feeding them into a two-stream neural network for feature fusion and classification, showcasing excellent performance. Zhou et al. (Zhou et al., 2023). harnessed EfficientNet’s efficient feature extraction abilities to separately extract spatial and temporal features of consecutive video frames from spatial and temporal flows. They then employed a multi-head attention mechanism to capture pivotal action details, facilitating action recognition using the amalgamated features. Wang et al. (Wang et al., 2020). introduced a global-local two-stream architecture for multi-scale representation, aimed at resolving classification performance constraints due to extensive feature variations in remote sensing images. The Correlation-Driven Joint Bone-Flow Graph Convolutional Network (CD-JBF-GCN), devised by Tu et al. (Tu et al., 2022), delves into the motion transmission amid joint and bone flows, facilitating more discernible feature representations in both streams. This network demonstrates cutting-edge performance in semi-supervised skeleton action recognition. Zheng et al. (Zheng et al., 2023). introduce a novel Cross-Attention and Cross-Scale Fusion Network (CASF-Net) that maximizes the potential of two-stream networks and fully integrates coarse-grained and fine-grained feature representations. The designed dual-branch encoder focuses on modeling non-local dependencies and multi-scale contexts, markedly improving semantic segmentation quality. Similarly, Xie et al. (Xie et al., 2023). introduce the Context-Aware Network with Two-Stream Pyramid (CANet) tailored for medical image segmentation. Through multiple resolution input versions and multi-scale convolutional units, CANet adeptly captures diverse hierarchical multi-scale complementary features in medical images. SETNet, presented by Ma et al. (Ma et al., 2022), stands as a two-stream convolutional network for no-reference image quality assessment. While the image stream attends to the entire image content, the saliency stream explicitly guides the network in learning spatially significant features more appealing to human perception. Leveraging spatial and channel attention modules refines features and amalgamates multi-level features to predict image quality scores. Drawing inspiration from the human visual system, Chen et al. (Chen et al., 2023). present a two-stream convolutional neural network for blind image quality assessment tasks. Emulating the two pathways of the human eye, the model extracts image content and global shape features, integrating multi-scale features to enhance assessment performance.





3 Method

To achieve efficient identification of chrysanthemum species, this paper outlines the specific workflow depicted in Figure 1, where the different parts have been clearly labeled. It primarily encompasses three components: 1) data preprocessing, 2) feature extraction, and 3) feature fusion.

[image: Flowchart illustrating a process with three modules: Data Preprocessing, Feature Extraction, and Feature Fusion. The Data Preprocessing Module shows images of flowers being prepared. The Feature Extraction Module includes layers for processing, depicted as blocks with arrows indicating flow. The Feature Fusion Module combines features, applying a SoftMax function, resulting in categorized flower images on the right. Various blocks like ResidualBlock, Conv, MaxPool, AvgPool, and FC are labeled for different processing stages.]
Figure 1 | The architecture of the proposed method with data preprocessing module, two-stream feature extraction module, and feature fusion module.



3.1 Data preprocessing

Before network input, all Chrysanthemum images undergo a series of preprocessing steps. Firstly, the Canny edge detection method is applied to detect the edges of the Chrysanthemum flowers, making the boundaries clearer. Secondly, a minimal square encompassing all edges is used to crop the image, removing any irrelevant background. By doing so, this step focuses the analysis on the flower, eliminating distractions that could reduce model accuracy. Thirdly, all images are resized to 224x224 pixels to ensure consistent input dimensions, avoiding accuracy reduction caused by varying image scales. Fourthly, to further diversify the training set and reduce overfitting, random rotations of up to 15° are applied. This augmentation step simulates real-world scenarios, where flowers may appear at different angles, enhancing the model’s robustness. Fifthly, image normalization is performed to standardize pixel values across the dataset, aiding in faster model convergence and improving generalization. This normalization reduces the risk of gradient instability during training by scaling pixel values to a common range. Figure 1 illustrates the preprocessing pipeline, highlighting edge detection (green box), cropping, and resizing for network input.




3.2 Feature extraction

Acknowledging the distinct features between the front and back of various Chrysanthemum species, the method proposed in this study employs a two-stream neural network model, utilizing an enhanced ResNet-18 model for both streams. Inputs consist of images capturing the front and back of Chrysanthemums, tailored to extract crucial features specific to each side, considering the unique structure and morphology of the flowers. A traditional ResNet-18 structure comprises 17 convolutional layers, 1 Maxpooling layer, 1 Avgpooling layer, 1 fully connected layer, and 1 Softmax layer. In contrast to this, our proposed network extends the end fully connected layer to three. The network architecture primarily consists of shallow feature extraction, encompassing the initial 13 convolutional layers, and deep feature fusion, comprising the final 4 convolutional layers and 2 fully connected layers. In the end, the upper and lower stream features are concatenated and merged through a single fully connected layer, as depicted in Table 1 outlining the network structure parameters.

Table 1 | The parameters of the network.


[image: Table displaying the architecture of a neural network with layers and parameters. It includes five blocks labeled Conv1 to Conv5, followed by an FC Block. Each block contains specific layers like Conv, Maxpool, and Bn+relu, along with their parameters. The table highlights different convolutional layer configurations, pooling sizes, and fully connected layers with output nodes ranging from one hundred twenty-eight to eighteen.]
Within Table 1, “Block name” represents module names, while “Layer name” denotes operation names—’conv’ for convolution, ‘BN’ for batch normalization, ‘relu’ for activation function, and ‘Maxpool’ for max-pooling operation. ‘Parameters’ refer to the convolutional kernel size and output channel quantity. Starting with 224*224*3 chrysanthemum phenotype image data, a 7*7 convolutional layer with a stride of 2 and padding of 3 produces output data sized 112*112*64. Subsequent max-pooling, using a 3*3 kernel, a stride of 2, and padding of 1, results in data sized 56*56*64, halving the feature’s dimensions without altering the channel count. Following this, Conv2, with a stride of 2 and padding of 1, maintains the data’s size and channel count. Then, Conv3, Conv4, and Conv5 double the channel count while halving the output data size, resulting in 7*7*512 output dimensions. A final global average pooling layer outputs data sized 1*1*512. The first two fully connected layers transform data to 128 dimensions and 32 dimensions, respectively. These two 32-dimensional vectors concatenate into a 64-dimensional vector, fed into the last fully connected layer, yielding the ultimate feature vector.




3.3 Feature fusion

Inspired by residual networks, this paper introduces cross-stream residual connections to simultaneously extract features and enhance the network’s field of view, allowing better integration of both positive and negative chrysanthemum features.

As illustrated in Figure 2A, the interaction mode of residual connections between front and back layers is a traditional single-stream ResNet network. Here, [image: Lowercase italic "x" with a subscript "1".]  represents the output of the previous layer, [image: Mathematical expression "h of x subscript l" in a serif font style.]  denotes direct mapping [the left line in (a)], while [image: The expression "F(x_l, W_l)" represents a function of variables x_l and W_l.]  signifies residual [the convolutional part on the right side in (a)], where l indicates the layer and [image: It seems there is an issue with your request as no image has been uploaded or linked. Please provide the image or a URL to it, and I can help generate the alt text.]  represents the l − th convolutional layer. The formula for the output of this layer [image: The text "x subscript l plus 1" is shown in a small font size.]  is as follows.

[image: Diagrams labeled (a) and (b) illustrate two neural network architectures. Both have blocks labeled Conv (Convolution), BN (Batch Normalization), and ReLU (Rectified Linear Unit). In (a), inputs \(X_l\) go through two Conv-BN layers before being added to the shortcut and processed by ReLU. In (b), inputs \(X^p_l\) and \(X^{3-p}_l\) go through similar Conv-BN processes and additions. Outputs are indicated as \(X_{l+1}\), \(X^p_{l+1}\), and \(X^{3-p}_{l+1}\).]
Figure 2 | (A) The traditional residual connections. (B) The cross-stream residual connections proposed in this paper.

[image: Equation showing \( x_{l+1} = h(x_l) + F(x_l, W_l) \) with the reference "(1)" at the end.]

Figure 2B illustrates the interaction mode of residual connections between the upper and lower paths within the two-stream convolutional neural network proposed in this paper. Here, [image: Mathematical expression showing \( x^{p}_{l}(p \subset 1,2) \).]  signifies the output of the upper or lower path network in the previous layer. When p equals 1, [image: Mathematical expression with a variable x, subscript i, and superscript p.]  represents the output of the upper path network processing the front image in the prior layer, and when p equals 2, [image: Mathematical expression showing \( x \) with a subscript \( i \) and a superscript \( p \).]  corresponds to the output of the lower path network processing the back image in the previous layer. h denotes an identity mapping, Re indicates the joint residual of the upper and lower paths in the prior layer. This layer’s output is denoted as [image: Mathematical expression with "x" raised to the power "p," and its subscript is "l plus 1."]  represents the convolutional layer’s transformation, and the respective formula is delineated below:

[image: Equation showing Re equals the sum of h of x sub i and h of x sub n minus i, enclosed in parentheses, labeled as equation two.]

[image: Equation depicting a formula used in neural networks: \( x_{l+1} = x_l + F(x_l, W_l) \). This represents a network layer update, where \( x_l \) is the input, \( F \) represents a function, and \( W_l \) denotes weights. Equation labeled as (3).]

During residual connections between preceding and subsequent layers, a cross-stream residual connection was applied, summing up the three outputs. The use of single-stream and cross-stream residual connections expands the network’s field of view, aiding in capturing diverse scale and abstract features within images. It facilitates direct information exchange between layers within the same path and between different paths, enabling deeper layers to benefit from shallower layers, and ultimately allowing a comprehensive fusion of features from both the front and back sides.

Similar strategies are employed in the fully connected layers to further amalgamate features from both the front and back sides:

[image: Equation displaying P subscript H plus 1 equals G times parenthesis y subscript f plus y subscript f cubed over three, parenthesis. It is labeled as equation four.]

[image: The mathematical expression shown is \( y_{i}^{p}(p \subset 1, 2) \).]  signifies the output of the upper or lower path network in the preceding layer. For p equal to 1, [image: Mathematical notation depicting y subscript i raised to the power of p.]  represents the upper path network’s output, and for p equal to 2, it corresponds to the lower path network’s output. Meanwhile, [image: Mathematical expression showing a variable \( y \) with a subscript \( t \), raised to the power of \( p + 1 \).]  denotes the network’s output at this layer, with G representing the transformation in the fully connected layer. Unlike the convolutional layers, this process involves a weighted sum of the upper and lower path features, with a ratio of 1:3. This weighting ratio’s validation in subsequent experimental segments underscores its crucial role in the model’s performance.

This approach accounts for the potential similarity in front features but dissimilarity in back features among different Chrysanthemum species, or vice versa. This enhances the comprehensive integration of both front and back features, leading to more accurate identification of Chrysanthemum types.




3.4 Model training

In the training section of the network model, the dataset was divided into training, validation, and test sets at a ratio of 6:2:2. Staged training methods were utilized to enhance efficacy. Pretraining parameters from the ImageNet dataset were initially transferred, serving as the initial parameters for the first 13 layers of the two-stream neural network to expedite convergence and enhance effectiveness. These parameters were then frozen for preliminary training, facilitating the rapid acquisition of general features by the model. This phase comprised 20 iterations, a learning rate of 0.001, and a batch size of 24. Subsequently, the parameters for shallow feature extraction were unfrozen for model fine-tuning, involving 30 iterations, a learning rate of 0.0001, and a batch size of 24. The Adam optimizer was used to optimize the model, employing cross-entropy loss as the selected loss function. After each iteration, validation was conducted on the validation set, saving models that showed superior results to achieve the network’s optimal solution. To mitigate experimental errors caused by random sampling, the train-test prediction process was repeated 50 times, and the average accuracy was computed.





4 Experimental results



4.1 Database and evaluation metrics

The chrysanthemums used in this study were collected between October 2022 and December 2022 from Bozhou Anhui, Jiaozuo Henan, Xifeng Guizhou, Tongxiang Zhejiang, and Julu Hebei, etc. The chrysanthemums were divided into 18 groups via the origin and species. There are three batches in each group, and each batch weighs about 1 kg. The chrysanthemums were identified as the inflorescence of Chrysanthemum morifolium Ramat. by Prof. Yan Hui, Nanjing University of Chinese Medicine. The images of the chrysanthemum were taken using a Canon EOS 5DS R camera in a fixed position under consistent natural lighting. Samples of Chrysanthemum morifolium ‘Hangbaiju’ were collected from Zhoukou, Henan; Sheyang, Yancheng, Jiangsu; Xifeng, Guizhou; Shimen and Wuyi Baimuxiang, Tongxiang, Zhejiang; Julu Hebei and Suizhou, Hubei. Samples of Chrysanthemum morifolium ‘Gongju’ were obtained from Huangshan, Anhui, and Shangqiu, Henan. Other categories included Chrysanthemum morifolium ‘Boju’ from Bozhou, Anhui, Chrysanthemum morifolium ‘Qiyueju’ from Shexian, Anhui, Chrysanthemum morifolium ‘Dabanju’ and Chrysanthemum morifolium ‘Jinsiju’ from Huangshan, Anhui, Chrysanthemum morifolium ‘Taoju’ from Jiujiang, Jiangxi, Chrysanthemum morifolium ‘Xiangju’ from Xiangshui, Yancheng, Jiangsu, and Chrysanthemum morifolium ‘Huaiju’ and Chrysanthemum morifolium ‘Qibaiju’ from Jiaozuo, Henan. The dataset comprises 18 Chrysanthemum species, with approximately 100 images of each Chrysanthemum’s front and back sides, resulting in a total of around 3600 images. Figure 3 illustrates schematic images of chrysanthemums from different origins.

[image: Various chrysanthemum blossoms are displayed with labels like "AHBZ_chry1" and "HNJZ_chry4" showing different species and origins. A key on the right links labels to locations such as "Anhui Bozhou" and species types like "Chrysanthemum morifolium 'Boju'."]
Figure 3 | The illustration of Chrysanthemums from different origins and classifications. The pure letter abbreviations represent the origin, and the “chry” + number abbreviations represent the classification.

During image collection, four criteria were applied to select images that met the standards: While capturing images of the front and back of Chrysanthemums, attention was paid to angle selection. Front images were ensured to exclude receptacles, while the focal point of back images was positioned between the receptacle and calyx, typically with a larger receptacle portion. It is crucial to maintain the integrity of the Chrysanthemum’s receptacle and petals, as the absence of the receptacle may lead to irregular shapes, and missing petals may result in occlusion issues. The color of the flowers should resemble the majority within their respective categories, avoiding excessively dark or bright shades. Additionally, the size of the flowers should match the majority of flowers in their respective categories, avoiding situations where they are too large or too small.

This study employs six metrics—Accuracy, Recall, F1 Score, number of parameters (Param), Average Inference Time (AIT), and Standard Deviation (STD) between categories—to assess the performance of Chrysanthemum image classification methods. Accuracy indicates the proportion of correctly classified samples by the classifier, while Recall measures the classifier’s recognition capability for each category. The F1 Score, a combination of Precision and Recall, offers an overall evaluation of the classifier’s performance. Param reflects the complexity of the model by quantifying the number of trainable parameters. AIT measures the time taken for the model to process a single sample, providing insight into the model’s efficiency. The Standard Deviation between categories reflects the method’s diversity and balance across various Chrysanthemum categories. These metrics provide multiple perspectives that facilitate a comprehensive understanding of the classifier’s performance in Chrysanthemum classification tasks.




4.2 Effectiveness of backbone and optimizer selection

This study conducted a series of comparative experiments to validate the effectiveness of employing the ResNet network as the backbone for Chrysanthemum classification. CNN, Alex, VGG, GoogLeNet, and DenseNet were separately chosen as the backbone for the two-stream neural network. The detailed experimental results are provided in Table 2.

Table 2 | Performance comparisons of different networks as backbone.


[image: Table comparing performance of different backbones: TwoStreamAlex, TwoStreamVGG, TwoStreamGoogLeNet, TwoStreamCNN, TwoStreamDenseNet, and Ours, with accuracy, recall, F1 score, and standard deviation percentages. Ours has the highest accuracy at 93.8%, recall at 93.4%, and lowest standard deviation at 5.20%.]
The data from Table 2 indicates that using ResNet as the backbone yielded the best performance across all evaluation metrics. Our model (ours) achieved the highest levels of accuracy, recall, and F1 score, reaching 93.8%, 93.5%, and 93.4% respectively. These rankings place our model at the forefront among all models, highlighting its superior classification performance. Our model showed a class-wise standard deviation of 5.20%, 0.7% lower than the second lowest, the two-stream DenseNet. This indicates the highest stability of our model’s performance among different categories. These findings further affirm the effectiveness of our model and its significant advantage. Thus, these experimental results showcase the superiority and rationale of using ResNet as the backbone.

On the other hand, this paper compared the iteration processes of training models using different networks as backbones. The specific results are depicted in Figure 4, where the horizontal axis represents the number of iterations, and the vertical axis represents accuracy on the validation set. Based on the outcomes in Figure 4, our model outperformed models using other networks as backbones. Although the two-stream DenseNet showed a result similar to the proposed model, its convergence speed was notably slower, which requires approximately 30 iterations to catch up with the proposed model. Notably, our model demonstrated rapid convergence in the early stages of training, which achieves high accuracy with only a few training iterations and maintains a lead. These outcomes underscore the superiority of using ResNet as the backbone concerning training efficiency.

[image: Line chart showing validation accuracy over epochs for different models. The models include Ours, TwoStreamAlex, TwoStreamCNN, TwoStreamDense, TwoStreamGoogLe, and TwoStreamVGG. Ours achieves the highest accuracy, starting at 70 and peaking over 90. Other models show varied performances, with TwoStreamVGG starting below 50 and gradually approaching 70.]
Figure 4 | Convergence speeds of different networks as backbone.

Concurrently, Figure 5 demonstrates a stability test of different networks used as backbones. The boxplot’s horizontal axis represents various image classification methods, and the vertical axis represents the accuracy metrics corresponding to each method. The box shape illustrates the data distribution of the corresponding results. While using DenseNet as the backbone achieves the second-highest performance, there is still a noticeable gap compared to the proposed method. In contrast, GoogleNet demonstrates high stability, but its performance notably lags behind the proposed method. Overall, employing ResNet as the backbone maintains high stability while achieving high accuracy. The comparisons in performance, convergence speed, and stability indicate that using ResNet as the backbone allows for faster model training while achieving optimal performance and stability.

[image: Box plot comparing test accuracy across six models: TwoStreamAlex, TwoStreamVGG, TwoStreamCNN, TwoStreamDense, TwoStreamGoogLe, and Ours. The accuracy increases from TwoStreamAlex to Ours, with Ours achieving the highest mean and range between approximately 0.850 and 0.950.]
Figure 5 | The accuracy stability of different networks as backbone.

This paper designed a series of experiments to explore the impact of different optimizers on the model training process. The learning rate for all optimizers was uniformly set to 0.001, and when using the SGD optimizer, the momentum parameter was set to 0.9. The experimental results are shown in Figure 6: Figure A illustrates the accuracy curves of each optimizer on the validation set, while Figure B shows the trend of loss reduction during the training process. As observed from the figures, the RMSprop optimizer performed poorly in this task, with significant oscillations during training and difficulty in convergence. Although both SGD and NAdam achieved final losses close to zero, SGD exhibited a significantly slower convergence rate compared to Adam, while NAdam showed slight fluctuations in accuracy. The final accuracy of both optimizers was lower than that of Adam. The experimental results clearly demonstrate the effectiveness of the Adam optimizer for this task.

[image: Two line graphs comparing optimization algorithms. Graph (a) shows validation accuracy over 50 epochs for RMSprop, SGD, NAdam, and Adam. RMSprop fluctuates significantly, while others stabilize around 80-90%. Graph (b) displays training loss over 50 epochs. RMSprop starts high but decreases with fluctuations; others start lower and stabilize around 0-5.]
Figure 6 | (A) Validation accuracy of different optimizers. (B) Training loss of different optimizers.




4.3 Performance comparison

In the comparison experiment, each type of Chrysanthemum type dataset is divided into a training set, a validation set and a test set according to the ratio of 6:2:2. To avoid experimental errors due to random sampling, the train-test process was repeated 50 times. The model with the lowest error on the validation set was selected as the final model, and the average values of Acc, Recall, F1, and STD over 50 experiments were calculated and considered as the final results. To demonstrate the effectiveness of the proposed method, this paper compares it against seven image classification methods, including four convolutional neural network approaches: BCNN, EfficientNetV2, RegNet, and ConvNeXtV2, as well as three ViT-based methods: TinyVit, EfficientViT, and RepViT. Considering the smallest version of ResNet was utilized as the backbone, the corresponding smallest versions of the other models were chosen for comparison, such as EfficientNetV2-s, ConvNeXtV2-atto, etc. Additionally, all models utilized pre-trained parameters from ImageNet to ensure a fair comparison in terms of resource consumption and model complexity.

According to Table 3, the proposed method exhibits competitive performance in accuracy, achieving 93.8%, slightly higher than ConvNeXtV2 and TinyVit’s 93.5%, and other classical models such as EfficientNetV2 with 91.7% and RegNet with 92.1%. Moreover, the proposed model displays excellent performance in terms of standard deviation between categories, recording only 5.20, considerably lower compared to other models ranging from 5.61 to 8.52. Through the analysis of experimental data, we observed that while EfficientViT has fewer parameters than our proposed model, it significantly lags in other performance metrics, including accuracy and AIT. On the other hand, RepViT has a similar number of parameters to our model and comparable accuracy, but its AIT is substantially slower than that of our proposed model. This not only showcases exceptional overall performance but also highlights the model’s stability and balance. These results underscore the effectiveness and robustness of the proposed model, validating its superiority in Chrysanthemum image classification tasks.

Table 3 | Performance comparisons of different image classification methods.


[image: A table comparing different methods in terms of accuracy, recall, F1 score, standard deviation (STD), parameters in millions (Param M), and average inference time in milliseconds (AIT ms). Methods listed include BCNN (2017), RegNet (2020), EfficientNetV2 (2021), ConvNeXtV2 (2023), TinyVit (2022), EfficientViT (2023), RepViT (2024), and Ours. Ours has the highest accuracy at 93.8 percent and the lowest AIT at 0.33 milliseconds.]
When considering Param and AIT, the proposed method strikes an excellent balance between complexity and efficiency. With 13.4M parameters, our model is more lightweight compared to EfficientNetV2’s 20.2M and BCNN’s 15.9M. Although our model is slightly inferior to other methods, it still maintains competitive accuracy. Additionally, the model’s average inference time is 0.33ms, faster than ConvNeXtV2 (0.61ms), EfficientViT (1.21ms), and RepViT (1.19ms), demonstrating its computational efficiency. These results underscore the effectiveness of the proposed model, validating its superiority in Chrysanthemum image classification tasks.

Additionally, to visually present the accuracy of different methods on each category, we plotted a confusion matrix as shown in Figure 7. From the figure, we can observe that our proposed algorithm achieves accuracy above 80% in each category, with only 4 categories having accuracy below 90%. In contrast, ConvNeXtV2 shows accuracy below 80% for AHHS-chry4 and below 90% for 6 categories, while TinyVit also has accuracy below 80% in two categories. Similarly, EfficientNetV2 achieves its highest accuracy only on YCSY-chry14 and YCXY-chry15, whereas our model achieves the highest accuracy in 9 categories. Further analysis of the confusion matrix reveals that other methods encounter difficulties with chrysanthemums such as chry1, chry3, chry4, and chry5, which have similar morphologies, leading to confusion and misclassification. For instance, EfficientNetV2, ConvNeXtV2, RepViT, EfficientViT and TinyVit misclassify 12.4%, 15%, 13.6%, 16.9% and 14.7% of chry4 as chry1, respectively, whereas our proposed model misclassifies only 8.0%. Similarly, these models often misclassify chry3 as chry5, whereas our model maintains a relatively lower error rate. This indicates that ConvNeXtV2, EfficientNetV2, RepViT, EfficientViT, and TinyVit perform relatively weaker on certain categories of chrysanthemum images, while our proposed algorithm demonstrates better overall classification ability and more robust performance in specific categories.

[image: Confusion matrices for eight models showing predicted versus true labels for classes one through eighteen. Models include BCNN (a), RegNet (b), EfficientNetV2 (c), ConvNeXtV2 (d), TinyViT (e), EfficientViT (f), RepViT (g), and Ours (h). Diagonal dominance indicates higher accuracy, with varying shades of blue highlighting accuracy levels from 0 to 100 percent. Each matrix is titled and labeled on axes with a consistent color scale.]
Figure 7 | (A) Confusion matrix of BCNN. (B) Confusion matrix of RegNet. (C) Confusion matrix of EfficientNetV2. (D) Confusion matrix of ConvNeXtV2. (E) Confusion matrix of TinyVit. (F) Confusion matrix of EfficientViT. (G) Confusion matrix of RepViT. (H) Confusion matrix of Ours.

On the other hand, this paper compared the iterative processes of different image classification models during training. The specific results are shown in Figure 8, where the horizontal axis represents the number of iterations, and the vertical axis represents the accuracy on the validation set. Based on the results in Figure 8, the proposed method demonstrates superior performance compared to other comparative methods. Although EfficientNetV2 and TinyVit converge quickly, their final accuracy falls below that of the proposed model. ConvNeXtV2’s curve closely resembles the proposed method’s curve but achieves slightly lower final accuracy. Although RepViT’s final results are similar to the model proposed, its convergence speed is slower, and it exhibits significant oscillations during training, affecting the model’s stability. In contrast, while EfficientViT shows a smoother upward curve and demonstrates a certain level of stability, its initial accuracy is relatively low, and its final accuracy is inferior to other models. These findings underscore the superior performance and training efficiency of the proposed method.

[image: Line graph displaying validation accuracy over epochs for various models: Ours, BCNN, ConvNeXtV2, EfficientNetV2, RegNet, TinyVit, EfficientViT, and RepViT. Accuracy improves with epochs, with Ours, ConvNeXtV2, and TinyVit reaching over 90% accuracy.]
Figure 8 | Convergence speeds of different methods.

Additionally, this paper conducted experiments involving the merging of major Chrysanthemum categories and the subsets of Chrysanthemum morifolium ‘Hangbaiju’. The experimental results are illustrated in Table 4.

Table 4 | Experimental results of different methods on the amalgamation of major Chrysanthemum categories and the subsets of Chrysanthemum morifolium ‘Hangbaiju’.


[image: Table comparing various methods for classification of Chrysanthemum categories. Methods include BCNN, RegNet, EfficientNetV2, ConvNeXtV2, TinyVit, EfficientViT, RepViT, and Ours. Metrics shown are accuracy (Acc), recall, F1 score, and standard deviation (STD) for both major categories and subcategories of Chrysanthemum morifolium ‘Hangbaiju’. The highest accuracy for major categories is 95.8 by the "Ours" method, and for subcategories, it's 95.9, also by "Ours".]
As observed from Table 4, the proposed model demonstrates higher performance when dealing with the amalgamation of major Chrysanthemum categories. It achieved 95.8%, 93.3%, and 93.5% in accuracy, recall, and F1 score respectively, surpassing other models’ results. Additionally, the proposed model showcases good performance in terms of standard deviation, with a value of only 5.79. Although EfficientNetV2, TinyVit, EfficientViT, and RepViT achieve accuracy levels close to the proposed model, their recall or standard deviation (STD) show significant gaps compared to the proposed method. These results indicate that the proposed method exhibits better generalization and discrimination capabilities when major Chrysanthemum categories are amalgamated. The observations from Table 4 indicate that within the subcategories of Chrysanthemum morifolium ‘Hangbaiju’, the proposed model performs exceptionally well, effectively distinguishing between these similar categories. While EfficientNetV2 shows performance metrics close to those of the proposed model, it even outperforms it in terms of standard deviation. However, ConvNeXtV2, TinyVit, EfficientViT, and RepViT do not match the performance of the proposed model. However, ConvNeXtV2 and TinyVit do not match the performance of the proposed model.

Analyzing these tables collectively, it’s clear that while EfficientNetV2 performs well with fewer categories, its performance diminishes with an increase in categories (as observed in Table 3). Conversely, ConvNeXtV2, RepViT, and TinyVit show overall accuracy rates similar to the proposed model with more categories, yet exhibit performance drops for specific or fewer categories. The proposed model demonstrates higher stability and reliability in classifying these diverse categories, effectively capturing intra-class feature differences. This superiority isn’t just evident in overall accuracy but also in discerning and capturing nuanced differences between categories, offering a more dependable and precise solution for Chrysanthemum classification.




4.4 Visual analysis

This paper uses two visualization analysis methods to visualize chrysanthemum classification from two perspectives, as shown in Figure 9.

[image: (a) CAM visualization of four chrysanthemums, with front and back views. Colors indicate attention levels, transitioning from blue (low) to red (high). (b) t-SNE visualization of chrysanthemum classification. Points represent different types of chrysanthemums, with colors corresponding to varying species. Dotted ellipses group similar classifications.]
Figure 9 | (A) Visualization of CAM. (B) Visualization of t-SNE.

Class Activation Mapping (CAM) was used to generate heatmaps for the four types of chrysanthemum images, as shown in Figure 9A, where darker colors indicate areas of greater attention by the model. The heatmaps clearly show that, when processing the back view of the chrysanthemum, the model mainly focuses on the calyx, while for the front view, it primarily focuses on the pistil. This result strongly supports our earlier claim that the back view of the chrysanthemum contains rich detailed features, and that the front and back views offer complementary features. This complementarity further highlights the potential of fusing both views to enhance classification performance.

The paper utilizes t-SNE to generate a scatter plot illustrating the clustering of Chrysanthemum classifications, as shown in Figure 9B. The x-axis and y-axis represent specific features, with each point representing an individual Chrysanthemum sample. Different colored points denote distinct Chrysanthemum categories, displaying their distribution in the feature space. The visualization reveals two primary clusters within the Chrysanthemum dataset, accompanied by smaller clusters inside them, depicting similar shapes and corresponding to different Chrysanthemum categories. The first prominent cluster includes Hangbaiju like GZXF_chry10, HBJL_chry11, HBSZ_chry13, and YCSY_chry14. The second significant cluster includes Chrysanthemums like AHBZ_chry1, AHHS_chry2, HNSQ_chry3, and HNJZ_chry4. This visualization offers valuable insights into studying the differences among Chrysanthemum categories, facilitating model optimization for better category differentiation.

For instance, some small clusters are distinctly separated from others, such as AHHS_chry6 and JXJJ_chry9, indicating that the model demonstrates high accuracy in distinguishing these categories. Conversely, certain small clusters are very close to each other, particularly within the second-largest cluster, where the distances between AHHZ_chry1 and HNJZ_chry4, as well as HNSQ_chry3 and AHHS_chry5, are short. This suggests that the model experiences some confusion when distinguishing these categories, as reflected in the earlier confusion matrix showing misclassifications for these species. These observations provide clear directions for model optimization, allowing future work to focus on making specific adjustments for these hard-to-differentiate categories, thereby enhancing the overall performance and generalization of the model.




4.5 Stability analysis

To ascertain the stability of our proposed method, this paper created box plots comparing it with other methods in Chrysanthemum classification accuracy. As depicted in Figure 10, the horizontal axis of the box plot represents various image classification methods, and the vertical axis denotes the evaluation metrics corresponding to each method, illustrating the data distribution of the results. Based on the outcomes in A,B,C, EfficientNetV2, TinyVit, and RepViT attained suboptimal results, albeit with a gap in stability compared to the proposed method in this paper. However, while RegNet and ConvNeXtV2 exhibited higher stability, their performance across various indicators was inferior to the proposed method outlined in this paper. Figure D demonstrates that the proposed method excels in stability concerning inter-class variance, while RegNet and TinyVit lag slightly and ConvNeXtV2, RepViT, and EfficientViT diverges significantly from the proposed method. In summary, the proposed method demonstrates both high stability and accuracy, facilitating effective classification of Chrysanthemum images.

[image: Four box plots labeled (a) through (d) compare different models. (a) shows test accuracy, (b) test recall, (c) test F1 score, and (d) test standard deviation. Models compared include BCNN, EfficientNetV2, RegNet, TinyVit, ConvNeXtV2, RepViT, EfficientViT, and Ours. Each plot illustrates the range, interquartile range, and median values for the metrics. "Ours" consistently performs well across accuracy, recall, and F1, with lower variability in standard deviation.]
Figure 10 | (A) Boxplot of accuracy. (B) Boxplot of F1 score. (C) Boxplot of recall. (D) Boxplot of standard deviation (STD).




4.6 Ablation experiments

To assess the contribution of each component in the Chrysanthemum classification method proposed here, this paper conducted several ablation experiments. These included: 1) using front Chrysanthemum images only, 2) using back Chrysanthemum images only, 3) utilizing both front and back data simultaneously, 4) implementing cross-stream residual connections solely in convolutional layers, and 5) adjusting the weight ratio α of the two-stream summation in fully connected layers, with α values of 1, 1/2, 1/3, 1/4 (this paper used α=1/3 in this paper). These experiments aimed to analyze each component’s impact on method performance, offering a deeper insight into the method’s role and significance in Chrysanthemum classification. Detailed experiment results are outlined in Table 5.

Table 5 | Experimental results of ablation experiments.


[image: Table comparing different methods based on accuracy, recall, F1 score, and standard deviation: "Front image only" scores 85.5% accuracy, while "Back image only" achieves 90.5%. "Both front and back image" results in 91.0%. "Cross path residual connections" scores 93.0%, and various α values show differences, with α equals one-third yielding 93.8% accuracy, the highest score with a standard deviation of 5.20.]
Through observing the results in the table, it can be concluded that solely using front-facing image features results in lower accuracy, reaching only 85.5%. However, employing back-facing image features leads to a significant performance boost, achieving an accuracy of 90.5%. This demonstrates an improvement in performance by using back-facing features alone but doesn’t fully exploit the model’s potential. Meanwhile, the performance slightly improves to 91.0% by using both front and back image features together, indicating that mere feature concatenation doesn’t fully accomplish feature fusion. In contrast, employing cross-stream residual connections in the convolutional layers better achieves feature fusion, elevating accuracy to 92.6%. Moreover, the weighted summation operation in the fully connected layers further enhances feature fusion, and we identified the most suitable weight ratio. The 1:3 weighted ratio exhibits the best performance, reaching the highest accuracy of 93.8%. These findings highlight the pivotal role of feature fusion in Chrysanthemum classification methods, offering significant insights into method performance. Overall, the comprehensive use of cross-stream residual connections and fully connected weighted summation effectively fuse image features from both sides of Chrysanthemum images. This approach accounts for the differences between front and back features among different Chrysanthemum types, achieving feature complementarity for more accurate Chrysanthemum classification.





5 Conclusion

This paper proposes a Chrysanthemum classification method based on the fusion of deep visual features of both the front and back sides. Different Chrysanthemum images are collected and labeled with origins and classifications. The front and back images underwent separate preprocessing and were used as inputs for a two-stream neural network. Leveraging single-stream residual connections and cross-stream residual connections expands the receptive field of the network and fully fuses the features of the front and back sides. Overall, the innovation of this paper lies in the introduced two-stream neural network model and the strategy of fusing deep features of the front and back sides of Chrysanthemums. The experimental results demonstrate the precision and robustness of this method. These findings provide strong support for its practical application in real-world agricultural and medicinal scenarios.

In future work, we plan to use distortion simulation techniques to construct a dataset that includes various visual distortions, simulating the complex conditions encountered in real-world scenarios. Training the model on this dataset will significantly enhance its robustness in handling challenging environments, such as noise or image degradation. To enhance the model’s generalization capabilities, we plan to incorporate meta-learning. This will enable the model to excel in chrysanthemum classification and quickly adapt to other medicinal plants, allowing for swift adjustments to new sample origins or species and improving its effectiveness in diverse classification tasks. For example, this method is particularly suitable for medicinal plants like Tangerine Peel Pericarpium Citri Reticulatae, which exhibit significant differences between the front and back features. By extracting color and texture features from both sides, the model can be used for origin tracing and quality assessment. These improvements will help the model better adapt to real-world applications, such as agricultural and medicinal plant classification.
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Mung bean seeds are very important in agricultural production and food processing, but due to their variety and similar appearance, traditional classification methods are challenging, to address this problem this study proposes a deep learning-based approach. In this study, based on the deep learning model MobileNetV2, a DMS block is proposed for mung bean seeds, and by introducing the ECA block and Mish activation function, a high-precision network model, i.e., HPMobileNet, is proposed, which is explored to be applied in the field of image recognition for the fast and accurate classification of different varieties of mung bean seeds. In this study, eight different varieties of mung bean seeds were collected and a total of 34,890 images were obtained by threshold segmentation and image enhancement techniques. HPMobileNet was used as the main network model, and by training and fine-tuning on a large-scale mung bean seed image dataset, efficient feature extraction classification and recognition capabilities were achieved. The experimental results show that HPMobileNet exhibits excellent performance in the mung bean seed grain classification task, with the accuracy improving from 87.40% to 94.01% on the test set, and compared with other classical network models, the results show that HPMobileNet achieves the best results. In addition, this study analyzes the impact of the learning rate dynamic adjustment strategy on the model and explores the potential for further optimization and application in the future. Therefore, this study provides a useful reference and empirical basis for the development of mung bean seed classification and smart agriculture technology.
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1 Introduction

As a multi-nutrient-rich ingredient (Dahiya et al., 2015), mung bean has gained prominence in both traditional Chinese medicine theory and modern nutritional science (Ganesan et al., 2018). Analyzed from a nutritional perspective, mung beans are rich in unsaturated fatty acids and dietary fiber, which play a key role in regulating blood lipids, especially by lowering serum cholesterol and triglyceride levels, with potential benefits in preventing the occurrence and development of cardiovascular diseases (Ganesan et al., 2018). In dietary applications, the diverse cooking methods of mung bean, such as mung bean porridge, mung bean soup, and mung bean cake, not only enrich people’s dietary choices but also enhance the overall nutritional value through the complementary effects between ingredients, providing abundant options for a healthy diet (Liyanage et al., 2018).

The classification system of mung bean is essential for the accurate identification of its diversity, not only to facilitate consumers’ choice of appropriate mung bean varieties for consumption according to their personal preferences and health needs (Tarahi et al., 2024) but also to promote in-depth research in nutritional and food sciences. Specifically, the differences in nutrient composition and bioactive substances among mung bean varieties, such as protein composition, fiber content, vitamin types, and antioxidant capacity, have been clarified through the systematic classification, which provides a scientific basis for assessing the nutritional value and functional properties of mung bean varieties and provides strong support for the development of healthy dietary strategies for the public. In addition, classification is also important for agricultural practices. It helps farmers and growers understand the adaptive characteristics of mung bean varieties (Bellemare and Lim, 2018), including the optimal planting area, growth cycle, and cultivation management techniques so that they can precisely select seeds and optimize the planting structure according to the regional climate, soil conditions, and market demand, and realize the double enhancement of yield and economic benefits. At the same time, taking into account the differences in the sensory characteristics of mung bean varieties (such as taste, size, and shape), the classification also promotes the refinement of the food processing industry, so that enterprises can choose the best mung bean raw materials based on the product characteristics, to develop a more diversified, unique flavor mung bean products to meet the diversified market demand. At the market level, the classification of mung beans promotes the unification of market standards and the improvement of trading rules enhances market transparency and fairness, and provides consumers with clearer and more comparable purchasing options. For scientific research, the classification work has revealed the genetic diversity of mung bean (Zhao et al., 2020) and the intrinsic links between its varieties, laying a solid foundation for genetic breeding research, which indicates that new varieties of mung bean with higher quality, higher yield, and stronger resistance may be cultivated in the future, thus promoting the sustainable development of the mung bean industry (Acquah et al., 2021).

Traditional methods for seed purity identification include morphological examination (Kanwal et al., 2022), chemical identification (Yu et al., 2022), electrophoretic techniques (Nikolić et al., 2012), and spectroscopic techniques (Mehdizadeh et al., 2024). However, these methods are generally time-consuming, require specialized personnel and equipment, are often subject to the subjective experience of the tester, and are relatively costly. In addition, the identification process may damage the samples. Therefore, there is a need to develop a fast, accurate, non-destructive and inexpensive method for classifying and identifying mung bean seeds.

Classification of mung beans using computer vision technology and deep learning technology is of far-reaching significance in many aspects (Ma et al., 2023). Different mung bean varieties differ more or less in color, size, and shape, but there are also many similarities, which makes it challenging to classify mung bean seeds. Through computer vision technology, we can quickly and accurately identify the variety, color, area, size, and other characteristics of mung beans for automated classification and screening (Li et al., 2018). This cannot only reduce the error and labor intensity of manual classification but also improve the accuracy and efficiency of classification (Naik et al., 2024), further promoting the development of agricultural modernization and intelligence. Through computer vision technology, we can perform non-contact inspection of mung beans, avoiding the pollution and damage problems that may exist in traditional inspection methods (Feng et al., 2020). In addition, computer vision to classify mung bean seeds also helps to promote the development of related industries. For example, in the food processing industry, the classification and screening of mung beans by computer vision technology can provide better quality raw materials for the subsequent processing and improve the quality and taste of the products.

Chuanqi Xie (Xie and He, 2018) utilized visible and near-infrared hyperspectral imaging for the classification of mung bean varieties, and the original hyperspectral images of mung beans were collected at wavelengths of 380-1023 nm. An extreme learning machine (ELM) model was established to classify the mung bean species using the full-spectrum wavelength. The Modified-Gram-Schmidt (MGS) method was used to identify the effective wavelengths. Based on the selected wavelengths, ELM and linear discriminant analysis (LDA) models were developed. All models performed well, with correct classification rates (CCRs) ranging from 99.17%-99.58% in the training set and 99.17%-100% in the test set. Mulan Wu (Wu et al., 2023) compared two techniques (i.e., near-infrared (NIR) and Raman spectroscopy) for source identification and quantification of nutrients in mung beans. The predictive ability of orthogonal partial least squares discriminant analysis models for NIR and Raman spectroscopy were 94.3% and 92.9%, respectively, indicating that both NIR and Raman spectroscopy are capable of differentiating mung beans from different sources. Lei He (He et al., 2023) developed and optimized Random Forest (RF) and Support Vector Machine (SVM) models for distinguishing mung beans from different climate zones and growing zones. The SVM model outperformed the RF model in predicting both climate zones and growing zones of mung beans, with accuracies of 100% and 98.72%, respectively. Jian Li (Li et al., 2024) built a corn seed dataset containing a total of 5,877 images from six categories and proposed a corn seed recognition model based on the improved ResNet50 framework. The ResStage structure, Efficient Channel Attention (ECA) mechanism, Depth Separable (DS) convolution, and Swish-PReLU hybrid activation function were introduced to improve the model, respectively. The results show that the model achieves 91.23% accuracy in corn seed classification, which exceeds other related models. Compared with the original model, the model improved the accuracy by 7.07%, reduced the loss value by 0.19, and reduced the number of parameters by 40%. Yufei Ge (Ge et al., 2024) proposed a publicly accessible dataset for categorizing rice seeds for hyperspectral imaging systems. The dataset contains six categories with nearly 10,000 seeds in each category. Based on the proposed dataset, an Instance difficulty-weighted K Nearest Neighbors algorithm (IDKNN) is further proposed, and the effects of different regions of interest (ROIs) on the classification results are also explored, and compared with 10 representative algorithms, the IDKNN algorithm has the best performance, especially in the ROIs of the whole seeds. Chunguang Bi (Bi et al., 2022) combined deep learning with machine vision and utilized the foundations of Swin Transformer to improve corn seed recognition. The study focuses on feature attention and multi-scale feature fusion learning. The experimental results show that the proposed network model, MFSwin Transformer, has the highest classification accuracy compared to other models with an average precision, recall, and F1 value of 96.53%, 96.46%, and 96.47%, respectively, on the test set with a parameter memory of 12.83 M. The proposed network model, MFSwin Transformer, has the highest classification accuracy compared to other models. Lei Zhou (Zhou et al., 2020) proposed a convolutional neural network-based feature selector (CNN-FS) to screen out the depth-target related spectral channels and designed a convolutional neural network with attention (CNN-ATT) framework for wheat seed classification. CNN-ATT obtained the highest performance in the comparison experiments. CNN-ATT achieved 93.01% accuracy using the full spectrum and maintained its high accuracy (90.20%) by training on 60 channels of features obtained through the CNN-FS approach. Ziliang Huang (Huang et al., 2022) designed a complete soybean seed classification process following a segmentation-categorization procedure. Image segmentation is performed by a popular deep learning method, Mask R-CNN, while the classification phase is performed through a network called Soybean Network (SNet). SNet is a lightweight model based on convolutional networks, which contains the Mixed Feature Recalibration (MFR) module. The MFR module is designed to improve SNet’s ability to represent damaged features, making the model focus more on critical regions. Experimental results show that the SNet model proposed in this study can achieve 96.2% recognition accuracy using only 1.29M parameters. Chao Xia (Xia et al., 2019) collected 400 to 1000 nm hyperspectral images of 1632 maize seeds (17 varieties) for classifying seed varieties. Fourteen features, including one spectral feature and 13 imaging features (i.e., five first-order and eight S-order texture features), were extracted from the hyperspectral image data, and a multilinear discriminant analysis (MLDA) algorithm was proposed to select the optimal wavelengths and to transform and reduce the classification features in order to improve the speed of the acquisition and processing of hyperspectral images. Experimental results show that the combined features based on the MLDA wavelength selection algorithm have high classification accuracy at the same number of wavelengths (varying between 5-15 wavelengths). Perez Mukasa (Mukasa et al., 2022) used an RGB camera to capture watermelon seed ploidy images, DD-SIMCA and SVM quadratic classifiers for single class classification, and a multivariate machine learning approach to develop a watermelon ploidy seed discrimination model. One-class classification with the DD-SIMCA and the SVM-quadratic models yielded triploid discrimination accuracies of 69.5% and 84.3%, respectively. Andrea Loddo (Loddo et al., 2021) has proposed a model called SeedNet for seed classification and has utilized several state-of-the-art Convolutional Neural Networks to make the most adequate and exhaustive comparison of the considered scenarios. In detail, two analyzed datasets for seed classification, the first with an accuracy of 95.65% and the second with an accuracy of 97.47%, have been obtained with better results. Also, he investigated the problem of deep learning-based retrieval with satisfactory results. Mikel Barrio-Conde (Barrio-Conde et al., 2023) examined the ability of deep learning (DL) algorithms to classify sunflower seeds. Using a Nikon camera and an image acquisition system with controlled lighting, 6,000 seeds of six sunflower varieties were positioned and photographed. A CNN AlexNet model was used for variety classification, specifically categorizing 2 - 6 varieties. The classification model achieved a 100% accuracy value for two categories and 89.5% accuracy value for six categories, this result verifies that the deep learning algorithm has better classification results for sunflower seeds. Helong Yu (Yu et al., 2024) improved for ResNet50 and also improved the SE attention mechanism to obtain HResNet, which can effectively identify the origin of rice seeds. After a large number of comparisons and validations, HResNet obtained an accuracy of 95.13%, which is ahead of other comparative models and provides a reference for origin identification of other crops.

Based on the above studies, effective identification of seed or seed varieties is challenging due to similar appearance, genetic diversity, and growth environment. Therefore, the combination of neural networks and hyperspectral data has become a major tool for the effective identification of seed varieties. Although this identification method achieves good results, acquiring hyperspectral data is expensive and the processing involved is complex, making it difficult to realize large-scale applications. In response to the large number of studies on computer vision, most scholars are unable to simultaneously satisfy higher accuracy, lower number of parameters, and lower computational effort. To address these limitations, this study proposes a convolutional neural network model for mung bean seed recognition based on an image dataset of mung bean seeds, which is faster and more affordable relative to spectra by improving the lightweight network model MobileNetV2 (Sandler et al., 2018).

MobileNetV2 is chosen as the base model for the improved model mainly based on its comprehensive advantages. MobileNetV2 is a lightweight convolutional neural network designed for mobile and embedded vision applications, which incorporates innovative techniques such as depth convolution, inverted residual structure, and linear bottleneck layer to achieve efficient computational performance and excellent model performance. The main contributions and innovations of this paper are as follows.

	In this study, a deep convolution module i.e. DMS block (DWConv-Mish-Sigmoid) is proposed for mung bean seeds and is introduced in the mid-stage of bottleneck to improve the feature extraction and network representation capabilities of the model. This enables it to capture and communicate image features more efficiently.

	The ECA block was introduced in the later stages of the bottleneck (Wang et al., 2020). The attention mechanism strengthens the focus on the channel information and further enhances the ability of the model to capture more precise and detailed features, thus improving the efficiency of model recognition.

	This study enhances the generalization ability and accuracy of the model in the prediction stage by introducing the Mish activation function (Misra, 2019), which enables it to better process the input data and make more accurate predictions.

	At the same time, this study proposes a learning rate dynamic adjustment strategy for mung bean seeds, i.e., “95-Gradient”, so that the model can complete convergence and fitting while obtaining higher accuracy.






2 Materials and methods



2.1 Data acquisition and pre-processing

All samples in this experiment were provided by the Jilin Academy of Agricultural Sciences, China. A total of eight different varieties of mung beans were collected in this study, details of which are shown in Table 1. The imaging system as shown in Figure 1A consisted of a NikonD7100 camera with an 18-105mm lens, two lights controlled by a light source control system, a carrier table placed at the bottom to hold the mung bean seeds, and the camera was shot from vertical. During data collection, 200 mung bean seeds of the same variety were first randomly selected and arranged in a 10 × 20 grinding apparatus. Then, without seeds overlapping or adhering, they were inverted on a black absorbent cloth and their RGB images were acquired by the camera.

Table 1 | Source of dataset varieties in this study.


[image: Table listing seed varieties with columns for Label, Variety Name, Code Name, Varietal Origin, and Number of Seeds. Eight entries show different varieties along with their codes and origins from various agricultural academies, displaying seed counts ranging from six hundred ninety to one thousand one hundred six.]
[image: Diagram illustrating a three-step image processing system for mung beans. (a) Image capture system features a camera in a darkroom with illumination lamps over beans on an objective table, connected to a computer. (b) Image segmentation process: original image converted to gray, then binary, with seeds separated. (c) Image segmentation effect display shows rows of isolated mung bean images labeled (a) to (h).]
Figure 1 | Image preprocessing process, (A) is image capture system, (B) is image segmentation process, (C) is image segmentation effect display. [The labels in (C) represent those in Table 1].

The process of data preprocessing is shown in Figure 1B, using the threshold segmentation method. Firstly, based on taking the original image to obtain its grayscale image, and then selecting an appropriate threshold value to divide the pixels in the image into two categories (target and background), in this study, the threshold value is set to 0.4, and all the ones below 0.4 are set to 0 (black), and all the ones above 0.4 are set to 1 (white), which results in a binary image. The binary image is multiplied pixel by pixel with the original image so that only the pixels in the mask image with a value of 1 (representing the target region) are retained in the original image, while the pixels with a value of 0 (representing the background region) are set to black. Finally, the edges of the mung bean seeds are then extracted using the contour extraction algorithm based on the pixel distribution of the image with the background removed to extract the target region.

The effect of each variety of mung bean seeds after segmentation is shown in Figure 1C, where (a) to (h) respectively represent Labels in Table 1, which shows that different varieties of mung bean seeds have high similarity, which means that it poses a greater challenge to the classification performance of the model. In this experiment, useless images need to be eliminated after photographing the seeds, such as those that are blurred, damaged, or do not meet the experimental requirements at all, which may interfere with the training and evaluation process of the model and lead to the model learning erroneous or irrelevant features, and these images not only fail to provide valuable information for the model but also may degrade the model’s performance.




2.2 Data enhancement and dataset segmentation

Data enhancement is a very effective technique to generate more training samples by applying a series of transformations to the original image. Data enhancement not only increases the diversity of the dataset but also helps the model learn more different features, thus improving its generalization ability. Data enhancement enables the model to better adapt to various data variations (e.g., lighting, noise) in the real world by simulating these variations. This helps to improve the robustness of the model in complex environments or under different conditions, making it more reliable in real-world applications. For deep learning models, more training samples mean more learning opportunities, which helps to improve the accuracy and stability of the model. In this study, four data enhancement methods were selected, which are increasing brightness, adding noise, image mirroring, and image rotation.

In this study the ImageEnhance.Brightness class from the PIL library was used to enhance the brightness of the image by setting the brightness variable to 2. This value represents the multiple of the enhancement, meaning that the brightness of the image was increased to two times the original brightness. The np.random.normal function is also used to generate Gaussian distributed random numbers with mean 1 and standard deviation 1.5, which are considered as noise and added to the original image. At the same time, image mirroring and rotating are also based on the functions in PIL, setting the appropriate mirroring direction and rotation angle to generate the corresponding image and save it to the corresponding folder. Figure 2 shows the effect of each enhancement method, and these treatments tested the model’s ability to recognize mung beans under exposure conditions, its ability to deal with noise, and its ability to recognize mung beans at different angles, respectively.

[image: A grid of images showing variations of a single object under different conditions. Rows depict (from top to bottom): original images, increased brightness, added noise, mirrored images, and rotated images. Columns (a) to (h) each display these variations for different original objects, all against a black background.]
Figure 2 | Demonstration of the effect of the data enhancement method. [Where (A-H) represent the labels in Table 1].

After removing the useless images, data enhancement is performed and the enhanced dataset is randomly divided into a training set, validation set, and test set in the ratio of 8:1:1, the details of which are shown in Table 2. There is a significant imbalance in the number of samples of the eight mung beans in our dataset. An unbalanced dataset may lead to poor predictive performance of the model for a smaller number of samples. However, this study significantly expands the number of datasets through data enhancement, which can effectively compensate for this shortcoming.

Table 2 | Data enhancement and segmentation details.


[image: Table displaying various image data categories across several stages such as Original Image, Effective Image, and After Enhancement. It includes training, validation, and test set sizes for labels 1 through 8. Total counts are provided, with values like 7400 for Original Image and 34890 for After Enhancement.]



2.3 Model building



2.3.1 Convolution in this study

As shown in Figure 3, where the number of input and output channels are C_in and C_out respectively, K×K is the kernel size of the convolution, and the size of the image is H×W. DWConv (Depthwise Convolution) processes each channel of the input feature map separately, which reduces the number of convolution kernels compared to Conv (Standard Convolution). This significantly reduces the number of parameters and reduces the model complexity. DWConv performs only a single-channel convolution operation for each channel, so the computational effort is relatively small, compared to normal convolution which requires all channels to be processed at the same time, and the computational effort is much larger. Due to the reduction in the number of parameters and computation, using DWConv can improve the efficiency of the model while maintaining reasonable performance, which is especially important in applications where resources are limited or real-time response is required, such as mobile devices or edge computing scenarios. Their parameters and FLOPs (Floating Point Operations) computational details are shown in Table 3, where G is the size of the group. The main difference between DWConv and GConv is that when G is greater than 1 and less than C_in, then it is a group convolution, when C_in is equal to G, it is a deep convolution, and when G is equal to 1 it is a standard convolution.

[image: Diagram comparing standard convolution and depthwise or group convolution. The top section illustrates standard convolution with inputs processed by multiple filters to produce outputs. The bottom section shows depthwise or group convolution where inputs are processed through distinct channel-wise filters, resulting in outputs. Both have labeled dimensions including height, width, input channels \(C_{in}\), kernel size \(K \times K\), and output channels \(C_{out}\).]
Figure 3 | Schematic of Standard Convolution(Conv) and Depthwise Convolution/Group Convolution(DWConv/GConv).

Table 3 | Conv and DWConv/GConv comparison of parameters and FLOPs.


[image: Table comparing convolution types: Regular Convolution (Conv), Group Convolution (GConv), and Depthwise Convolution (DWConv). Columns display formulae for Parameters and FLOPs. Conv uses \(K^2 \times C_{in} \times C_{out}\) and \(K^2 \times C_{in} \times H \times W \times C_{out}\). GConv uses \(K^2 \times \frac{C_{in}}{G} \times C_{out}\) and \(K^2 \times \frac{C_{in}}{G} \times H \times W \times C_{out}\). DWConv uses \(K^2 \times \frac{C_{in}}{C_{in}} \times C_{out}\) and \(K^2 \times \frac{C_{in}}{C_{in}} \times H \times W \times C_{out}\).]



2.3.2 Mish activation function and ReLU6 activation function

A comparison of the graphs of the Mish and ReLU6 activation functions and the graphs of their derivatives is shown in Figure 4, where the Mish activation function is a smooth nonlinear function, in contrast to ReLU6, which is segmented linear. The smoothness implies that Mish is differentiable throughout the entire domain of definition, which helps the optimization algorithm to be more stable and efficient during the training process. In addition, the Mish function is non-monotonic, which makes it potentially more expressive than monotonic ReLU6 when dealing with complex nonlinear data. The ReLU6 activation function has a gradient of 0 when the input is negative, which may lead to gradient vanishing problems, especially in deep neural networks. The formula of its activation function is shown in Table 4.

[image: Graph (a) shows the Mish activation function and its derivative. The Mish function (blue solid line) is smooth and non-monotonic, with the derivative (red dashed line) following closely. Graph (b) displays the ReLU6 activation function and its derivative. The ReLU6 function (blue solid line) is linear up to six, with a capped output, and the derivative (red dashed line) steps at zero and is flat elsewhere. Both graphs plot x on the horizontal axis and y on the vertical axis.]
Figure 4 | (A) Shows the graph of Mish’s activation function and its derivatives, and (B) Shows the graph of ReLU6’s activation function and its derivatives.

Table 4 | Details of the activation function formula used in this study.


[image: Table comparing activation functions and their formulas. ReLU6: f(x) equals 0 for x ≤ 0, x for 0 < x ≤ 6, and 6 for x > 6. Mish: f(x) equals x times tanh of softplus(x). Tanh: f(x) equals (e^x - e^-x) / (e^x + e^-x). Softplus: f(x) equals ln(1 + e^x). Sigmoid: f(x) equals 1 / (1 + e^-x).]



2.3.3 Loss function (Cross Entropy Loss)

The loss function used in this study is Cross Entropy Loss, Cross Entropy Loss is robust to the probability distribution predicted by the model. Even if the model has a small deviation in the predicted probability of some categories, it will not affect the overall loss too much. This makes the model more stable during training and less susceptible to noise or outliers. The binary classification Cross Entropy Loss is shown below:

[image: The image shows the binary cross-entropy loss function formula: L equals negative y log p plus one minus y times log of one minus p.] 

Where y denotes the sample label and p denotes the probability that the corresponding sample label is predicted to be positive. In the multiclassification task, each sample may have more than one possible category, and the model output is the probability distribution of each sample belonging to each category, Cross Entropy Loss can measure the distance between the probability distribution of the model output and the true labels, to guide the model optimization. The multicategory Cross Entropy Loss formula is shown below:

[image: Mathematical formula displaying the negative log likelihood function: \( L = -\sum_{c=1}^{M} y_c \log p_c \).] 

where [image: The image contains a small, stylized lowercase letter "p" followed by a subscript "c" in a serif font, often used in scientific or mathematical contexts.]  denotes the probability that the label is predicted to be c.




2.3.4 DMS block and bottleneck

In this study, a depthwise convolution block i.e. DMS block (DWConv-Mish-Sigmoid) is proposed for mung bean seeds as shown in Figure 5A. Firstly, a down-sampling operation is performed on the input data through the pooling layer to reduce the spatial size of each feature map, which reduces the computational effort of the subsequent layers and thus reduces the complexity of the overall block. Immediately after that, two 3×3 DWConv to extract features from the input data, and at the end residual joins are introduced. Two different types of activation functions, Mish and Sigmoid, are used in the DMS block, to introduce different nonlinear properties, which help the network to learn more complex and abstract feature representations.

[image: Flowchart illustrating three neural network architectures labeled (a), (b), and (c). (a) shows a sequence: average pooling, 3x3 depthwise convolution, Mish activation, 3x3 depthwise convolution, sigmoid activation, followed by an addition operation. (b) starts with 1x1 convolution, batch normalization, ReLU6 activation, 3x3 depthwise convolution, batch normalization, ReLU6 activation, and addition. (c) mirrors (b) but without the initial convolution, ending at batch normalization. Each diagram uses arrows to indicate the flow of operations.]
Figure 5 | (A) Shows the structure of the DMS block, (B) shows the bottleneck in MobileNetV2 with stride=1, and (C) shows the bottleneck with stride=2.

Figure 5B demonstrates the bottleneck in MobileNetV2 with stride=1, and Figure 5C demonstrates the bottleneck with stride=2. The bottleneck structure significantly enlarges the number of input channels by introducing the 1x1Conv, followed by the 3x3DWConv, and finally by the 1x1Conv to narrow the number of channels. This bottleneck design significantly reduces the computational complexity of each layer while maintaining a high feature representation and feature extraction capability. This structure also allows the network to better capture and represent abstract features in the image, thus improving the model’s performance in the mung bean seed recognition task. The introduction of the bottleneck structure allows the design of a deeper-level network without adding too many parameters and computational overhead. This flexibility allows MobileNetV2 to be extended and adapted to the task of mung bean seed classification and recognition while maintaining the efficiency and performance of the model.




2.3.5 ECA (Efficient Channel Attention) block

The attention mechanism plays a crucial role in deep learning to efficiently and accurately filter out valuable information from massive data, which is very beneficial for various image processing tasks. Therefore, in this study, we introduce an attention mechanism called ECA (Efficient Channel Attention). The ECA block adaptively adjusts the weights of the channel features so that the network can better focus on the essential features. Most mung bean seeds have similar shapes and textures, which makes it difficult to extract detailed features from the network. The ECA block helps to improve feature differentiation and suppresses unimportant features, thus reducing the risk of overfitting. Ultimately, the feature representation is enhanced and the generalization ability of the model is improved without significantly increasing the computational cost. The structure of the ECA block is shown in Figure 6.

[image: Diagram of a neural network layer showing a three-dimensional input tensor with dimensions labeled as height, width, and channels. Global Average Pooling (GAP) reduces it to a vector. This vector connects to two layers with connections labeled K=5 for a squeeze-and-excitation network. These are followed by a sigmoid activation function, illustrated as a pink rectangle. The output vector is multiplied element-wise with the original input tensor, resulting in a modified output.]
Figure 6 | Structure of the efficient channel attention block.

The ECA block first performs global average pooling of input feature mappings of size H × W × C to obtain feature information during forward propagation. Then, new weights ω are generated by one-dimensional convolution of size K and Sigmoid activation function to complete the inter-channel information interaction, as shown in Equation 3.

[image: Equation showing omega equals sigma of C1 times Dk of y, denoted by mathematical symbols, followed by equation number three in parentheses.]	(3)

where [image: The image depicts the mathematical expression \(C1D_k\) in a serif font.]  Denotes a one-dimensional convolution with kernel size k and σ denotes the Sigmoid activation function. As shown in Equation 4, the number of channels C is proportional to the one-dimensional convolution with the kernel of k.

[image: Mathematical equation showing \( C = 2^{(n(k+b))} \) followed by a reference number \((4)\).]	(4)

Therefore, we can obtain the final kernel size k as shown in Equation 5.

[image: Equation with variable \( k \) equal to the absolute value of the logarithm base 10 of \( C \) over \( \gamma \), plus \( b \) over \( \gamma_{\text{odd}} \). Labeled as equation (5).]	(5)

Where t is the nearest odd number to [image: Text showing a mathematical expression: "1" inside square brackets, followed by "odd.". It suggests checking if "1" is an odd number.] , [image: Lowercase Greek letter gamma, typically used in mathematical or scientific contexts.]  is 2, and b is 1.




2.3.6 MobileNetV2 and HPMobileNet

The improvement process of the model is shown in Figure 7, where Figure 7A shows the original structure of the MobileNetV2 model, Figure 7B shows the structure of the bottleneck in the MobileNetV2 model, and Figure 7C shows the bottleneck structure of the improved model, HPMobileNet, where BN stands for the batch normalization layer, which replaces the ReLU6 activation function is replaced by the Mish activation function. In bottleneck, the first convolution has the role of upscaling, using the second convolution (DWConv) for feature extraction and then downscaling by the third convolution, the DMS block is put behind the second batch normalization to extract more features in conjunction with DWConv. The ECA block is placed after the last batch normalization in the bottleneck to make it gather features among the previously extracted feature information, which helps the model to focus on the most important parts of the input data, thus improving the performance of the model.

[image: Diagram showcasing the structure of MobileNetV2 compared to HPMobileNet. The top section illustrates the overall MobileNetV2 architecture with various bottleneck layers. The bottom left zooms into the bottleneck details in MobileNetV2, showing two configurations with stride 1 and stride 2. The bottom right compares this with HPMobileNet's bottleneck structure, highlighting improvements using additional elements such as Mish and DMS blocks. Color-coded legend indicates layers like Conv, BN, ReLU6, and others.]
Figure 7 | The improved model, (A) is the structure of MobileNetV2, (B) is the structure of bottleneck in MobileNetV2, (C) is the structure of bottleneck in HPMobileNet.

The parameter settings within the HPMobileNet model are shown in Table 5, which uses a similar parameter structure to MobileNetV2, where t is the expansion factor, c is the output feature matrix depth channel, n is the number of repetitions of the bottleneck, bottleneck here refers to the inverted residual structure, and s is the step size.

Table 5 | Details of parameter settings within the HPMobileNet model.


[image: A table displaying neural network layer configurations. It consists of columns labeled Input, Operator, t, c, n, and s. Rows detail various input dimensions such as 224 squared by 3, operators like "conv2d" and "bottleneck", and parameters t, c, n, s with numerical values.]




2.4 Model evaluation indicators

In the field of machine learning, confusion matrices are often used to compare the results of model classification in supervised learning. Each column of the matrix represents the predicted class and each row represents the actual class. Take the binary classification problem as an example, define that the actual result is positive and the predicted result is positive, denoted as TP; if the actual result is negative, the predicted result is positive, denoted as FP; if the actual result is positive, the predicted result is negative, denoted as FN; and if the actual result is negative, the predicted result is negative, denoted as TN. The specific structure of the confusion matrix is shown in Supplementary Table S1.

Accuracy (Acc), precision (P), recall (R), and F1 score (F1) can be computed from the data in the confusion matrix and used as evaluation metrics for assessing the classification performance of the model. The formulas and short descriptions of these evaluation metrics are shown in Table 6.

Table 6 | Calculation formulas of each indicator.


[image: Table showing evaluation indicators for predictive models. Includes Accuracy: ratio of correctly predicted positive and negative samples to total samples. Precision: correctly predicted positive samples to total predicted positives. Recall: correctly identified positive samples to total actual positives. F1-score: reconciled mean of precision and recall. Formulas include: Accuracy = (TP + TN) / (TP + FP + FN + TN), Precision = TP / (TP + FP), Recall = TP / (TP + FN), F1 = 2TP / (2TP + FP + FN).]



2.5 Hyperparameter information for model training

This study provides information on the specific experimental parameters used in training the new network model proposed in this paper. We set the input size of the dataset to 224 × 224, the number of training rounds to 100, the optimizer to use SGD, and the batch size to 64. details are shown in Supplementary Table S2.

If the learning rate is set too high or too low, it can have a big impact on the model’s learning process. If the learning rate is set too high, the advantage is that the model may update the weights faster and thus explore the space of possible solutions faster. But then, the disadvantage is also obvious that the model may miss the optimal solution because the step size is too large, leading to oscillations or even divergence during the training process, making it difficult to converge to a stable solution. On the contrary, if the learning rate is set too low, although the model can converge more stably, the speed of convergence may be very slow, the advantage is that the model may adjust the weights more finely to get a more accurate solution, but the disadvantage is also obvious, the training process will become very time-consuming, and the model may be more likely to fall into the local optimal solution, and cannot find the global optimal solution. Therefore, it is very important to set the appropriate learning rate, so we choose the gradient decay strategy to dynamically adjust the learning rate during the training process to achieve better training results, the initial learning rate is set to 0.01, and the learning rate is set to decay every 2 rounds, and the decay rate is set to 0.95, which is named as “95-Gradient “.




2.6 Experimental environment configuration

This experiment was deployed on a computer with an Intel(R) Xeon(R) Gold 6246R CPU (3.4GHZ) and NVIDIA Quadro RTX 8000 GPU (48GB) with Windows 10 operating system, with software configuration installed as Anaconda 3-2021.11-windows version with PyCharm compiler and given PyTorch 1.2.1 with built-in Python 3.8.3 programming language, and all the algorithms are run in the same environment as shown in Supplementary Table S3.





3 Results



3.1 Removal of unwanted images and data enhancement from the model

MobileNetV2 is used as the base model to explore the classification results of the original image dataset, the dataset after removing the useless images, and the dataset after data enhancement, as shown in Table 7. The results show that the accuracy of the original image is only 76.02%, and the loss reaches 0.685. After removing the useless images, the accuracy is slightly improved to 77.81%, and the loss is also slightly reduced to 0.632, which indicates that the blurred, damaged, or completely non-compliant images do interfere with the training and evaluation process of the model and lead to the model to learn the wrong or irrelevant features. These images not only fail to provide valuable information for the model but also reduce the performance of the model. After performing data enhancement, the accuracy rate was substantially increased to 86.92% and the loss was reduced to 0.354. This indicates that the use of data enhancement can effectively expand the diversity of data and enhance the generalization ability of the model. Therefore, the data-enhanced mung bean samples were used for the next experiment.

Table 7 | Comparison of results between original images, effective images, and after data enhancement.


[image: Table comparing data sets: "Original Images" with 7400 data volume, 76.02% accuracy, and 0.685 loss; "Effective Images" with 6978 data volume, 77.81% accuracy, and 0.632 loss; "After Data Enhancement" with 34890 data volume, 86.92% accuracy, and 0.354 loss.]



3.2 Comparison of experimental results



3.2.1 Learning rate dynamic adjustment strategy vs. selected learning rates

The attenuation effect of the learning rate dynamic adjustment strategy “95-Gradient “ is shown in Figure 8A. The learning rate adjustment strategy of decaying every two rounds helps the model to converge gradually during the training process. At the beginning of training, a larger learning rate can help the model approach the optimal solution quickly. As the training progresses, the gradual decrease of the learning rate allows the model to search near the optimal solution with a smaller step size, which improves the accuracy and stability of convergence. Taking MobileNetV2 as the base model, as shown in Figure 8B, the model is first compared with three representative learning rates, and the results show that “95-Gradient” obtains the highest accuracy and the lowest loss, which are 86.92% and 0.354 respectively. Meanwhile, from Figure 8C, it can be seen that when the learning rate is equal to 0.01 and 0.001, the accuracy of the model fluctuates continuously during the training process, which may be because the optimal solution is missed because of the too-large step size, resulting in continuous oscillation or even dispersion during the training process, and it is difficult to converge to a stable solution. When the learning rate is equal to 0.0001, the model cannot converge to the global optimal solution because the step size is too small, resulting in the model falling into the local optimal solution during the training process, which makes the accuracy lower. This problem can be effectively solved by adding the “95-Gradient”, as the training progresses, the learning rate gradually decreases, and the model can reduce the step size when approaching the optimal solution to avoid excessive fluctuations. As a result, the convergence curve will become smoother in the later stage and gradually converge to the optimal solution.

[image: (a) Line graph showing the attenuation of the "95-Gradient" learning rate over 100 epochs, decreasing steadily. (b) Bar chart comparing accuracy and loss for different learning rates, with "95-Gradient" showing distinct values. (c) Multi-line graph depicting loss curves for various learning rates over 100 epochs on the validation set.]
Figure 8 | "95-Gradient " effect contrast, (A) shows the attenuation diagram of "95-Gradient", (B) Comparison of accuracy and loss between "95-Gradient" and several other commonly used learning rates, and (C) is loss curves for different learning rates on the validation set.

This result shows that the learning rate dynamic adjustment strategy proposed in this study not only improves the convergence speed of the model but also enhances the stability of the model, which enables the model to achieve satisfactory performance in fewer iterations. However, large fluctuations also occur in the early stage of model training, and this problem is solved by changing the structure of the model. It can be concluded that the “95-Gradient” plays a crucial role in model training.




3.2.2 Comparison results of different activation functions

MobileNetV2 is used as the base model and compared with other common activation functions. Figure 9 shows that the Mish activation function achieves the highest accuracy while achieving the lowest loss, with an improvement of 3.67% in accuracy and a reduction of 0.067 in loss, relative to the activation function ReLU6 used in the original model. This result suggests that the Mish activation function enables the neural network model to learn and represent more complex functional relationships by introducing nonlinear elements, thus enhancing the expressive and fitting capabilities of the model to maximize the differences between categories, such as the color, shape, and texture of mung bean seeds, enabling the extraction of challenging and detailed features. In this study, the advantage of the Mish activation function is fully utilized to obtain better generalization performance and recognition results of the model, which significantly improves the model’s classification performance for mung bean seeds.

[image: Bar and line chart comparing different activation functions. Bars represent accuracy percentages, ranging from 66.33% to 90.59%. The line shows loss values, peaking at 0.974 for the Sigmoid function. Activation functions include ReLU6, ReLU, LeakyReLU, ELU, GeLU, Sigmoid, HardSigmoid, SoftPlus, HardSwish, and Mish.]
Figure 9 | Comparative accuracy and loss results for different activation functions.




3.2.3 Comparative results of different attention mechanisms

Using MobileNetV2 as the base model, the ECA block and DMS block are compared with several other common attention mechanisms, respectively, and they are put into the same position as the ECA block to compare their performances respectively, and the results are shown in Figure 10, the ECA block and DMS block achieved the highest accuracy rate, 91.8%, and 91.11% while obtaining the lowest loss of 0.248 and 0.264, respectively. This result suggests that the ECA block and DMS block focus more on enhancing the network’s ability to model inter-channel dependencies by considering the importance of each channel globally. In a lightweight network such as MobileNetV2, the ECA block and DMS block can maximize the model’s ability in complex feature extraction and improve the network’s focus on key features, which further improves the model’s performance. The ECA attention mechanism utilizes a one-dimensional convolution to capture local cross-channel interactions, which is designed to take into account the characteristics of each channel while also being able to extract inter-channel dependencies. By learning the importance of each channel relative to the others, the ECA block can dynamically adjust the intensity of the channel’s response, thereby enhancing the model’s feature representation and hence its accuracy.

[image: Bar chart showing accuracy and loss percentages across different attention methods: None, SE, CA, CBAM, ECA, and DMS. Accuracy is indicated by blue bars; None (86.92%), SE (88.13%), CA (89.7%), CBAM (85.8%), ECA (91.8%), DMS (91.11%). Loss is shown by a red line; None (0.354), SE (0.341), CA (0.326), CBAM (0.403), ECA (0.248), DMS (0.264).]
Figure 10 | Comparative accuracy and loss results for different attention blocks.




3.2.4 Comparison results with classical network models on the test set

To validate the effectiveness and sophistication of the network model HPMobileNet proposed in this study, this study firstly uses the model accuracy, model parameters, model floating point operations per second (FLOPs), and the weight size of the model as the evaluation metrics of the model performance. We compare the new network model with eight classical network models (ResNet50, ResNeXt50, Res2Net50, MobileNetV3_S, GhostNet, RepVggNet_B0, ConvNext_T, and FasterNet_T0) to evaluate their performance. The details are shown in Table 8.

Table 8 | Comparative results of different models.


[image: Comparison table of various models showing accuracy, parameters, FLOPs, and weight size. HPAMobileNet exhibits the highest accuracy of 94.01%, with 2.370 million parameters, 0.329 GFLOPs, and an 18.4 MB weight size, highlighted in bold as the best performing algorithm.]
The results show that the accuracy of HPMobileNet reaches 94.01%, which is ahead of other network models, with only 2.370M parameters, which is second only to MobileNetV3_S’s 1.528M, and only 0.329G FLOPs, which is second only to MobileNetV3_S’s 0.061G and GhostNet’s 0.155G, and the size of the weights generated by the network model is only 18.4MB, which is second only to MobileNetV3_S’s 11.8MB. Overall, the comprehensive ability of the network model proposed in this study achieves the best results, with both high accuracy and low time and space complexity, and its overall strength is ahead of other classical network models.

To compare the performance of model recognition more intuitively, this study visualizes and analyzes the comparison models, as shown in Supplementary Figure S1, which shows more clearly that HPMobileNet obtains the highest accuracy rate and is ahead of other models.

As shown in Figure 11 confusion matrices of different models, when comparing the confusion matrices of the other eight models, it can be noticed that each model performs differently on the classification task. Looking at the confusion matrix of HPMobileNet, we can see that the values on the diagonal line are relatively high, which means that the model performs well in correctly classifying mung bean seeds. The higher values on the diagonal line indicate that the model has a higher prediction accuracy for the corresponding category. Meanwhile, relatively low values on the off-diagonal line mean that the model misclassified samples into other categories less often. In contrast, the confusion matrices of the other eight models show different degrees of variation. The other models have lower values on the diagonal of the confusion matrix relative to HPMobileNet, suggesting that they are not as accurate as HPMobileNet on the classification task. Most of the models perform poorly on specific categories, as can be seen in the figure for the eighth category and the second category. However, the classification ability of HPMobileNet relative to the other models in the eighth category and the second category is not as good as the other models. Category and the second category, but HPMobileNet has significantly higher classification ability on the eighth category and the second category compared to the other models. This result shows that the improved model has a clear advantage in classification performance.

[image: Nine confusion matrices from different models: (a) ResNet50, (b) ResNeXt50, (c) Res2Net50, (d) MobileNetV3_S, (e) GhostNet, (f) RepVggNet_B0, (g) ConvNeXt_T, (h) FasterNet_T0, (i) HPMobileNet. Each matrix shows predicted versus true labels, with varying intensities of blue except for HPMobileNet which uses red, indicating accuracy.]
Figure 11 | Comparison of confusion matrix for different models, (A) is the confusion matrix of ResNet50, (B) is the confusion matrix of ResNeXt50, (C) is the confusion matrix of Res2Net50, (D) is the confusion matrix of MobileNetV3_S, (E) is the confusion matrix of GhostNet, (F) is the confusion matrix of RepVggNet_B0, (G) is the confusion matrix of ConvNeXt_T, (H) is the confusion matrix of FasterNet_T0, and (I) is the confusion matrix of HPMobileNet.

The precision, recall, and F1-scores of each network model on the eight categories were derived from the confusion matrix as shown in Table 9. The precision of HPMobileNet on each category was 0.937, 0.940, 0.922, 0.950, 0.943, 0.985, 0.936 and 0.912. The recall was 0.950, 0.891, 0.933, 0.961, 0.973, 0.948 and 0.912 respectively. 0.891, 0.933, 0.961, 0.956, 0.973, 0.948 and 0.912 respectively. The F1 scores are 0.943, 0.915, 0.927, 0.955, 0.949, 0.979, 0.942 and 0.912 respectively. The results show that the optimal results are obtained for each category of the HPMobileNet, which can be concluded that the network model proposed in this study shows excellent performance on several categories of mung bean seeds, especially on the GL07C and JL06C categories, where its accuracy and F1-score are significantly better than other classical models, showing its potential and advantages in complex tasks.

Table 9 | Detailed comparison of Precision, Recall, and F1-score of different models in each category.


[image: A table compares the performance of several models across different datasets labeled BLC, GL07C, GL13C, JL05C, JL09C, JL10C, JL11C, and JL06C. Models include ResNet50, ResNeXt50, Res2Net50, MobileNetV3_S, GhostNet, RepVggNet_B0, ConvNeXt_T, FasterNet_T0, and HPMobileNet. Performance metrics are Precision (P), Recall (R), and F1-score (F1). Highlighted bold values represent the results of the algorithm HPMobileNet, which shows notably higher scores across the datasets.]




3.3 Results of ablation experiments

To assess the effects of the DMS block, ECA block, and Mish activation function on model performance, ablation experiments were conducted in this study using MobileNetV2 as the base network model. As shown in Table 10, the results indicate that the performance of each metric model is improved when these three modules are integrated separately, thus improving its applicability to mung bean seed variety classification. In addition, the simultaneous integration of these modules further improved the accuracy of the model, while ensuring that the parameters and FLOPs of the model did not increase substantially, and the accuracy was indeed improved by 6.61% relative to the original model by only 0.136M and 0.003G, respectively. Overall, the comprehensive performance of the model has been substantially improved, providing more reliable and accurate classification results for mung bean seeds.

Table 10 | Specific details of the results of the ablation experiment.


[image: A table showing results of the HPMobileNet algorithm. Columns include DMS block, Mish, ECA block, Accuracy (%), Precision (Average), Recall (Average), F1 Score (Average), Parameters (M), and FLOPs (G). Checkmarks indicate improved methods. The highest values are bolded: Accuracy 94.01%, Precision 0.941, Recall 0.941, F1 Score 0.949, Parameters 2.370M, and FLOPs 0.329G.]



3.4 Comparative results before and after model improvement

To further validate the recognition ability of HPMobileNet and the original model, a comparison of the confusion matrices of the models before and after the improvement is given in this study. As shown in Figure 12, the improved network model effectively reduces the error rate of each category, especially significantly reduces the misclassification of the second category of mung bean seeds as the seventh category of mung bean seeds, the third category of mung bean seeds as the eighth category, and the fifth category of seeds as the first category of seeds. Macroscopically, the values on the diagonal have also improved significantly with darker colors, which indicates that the model’s recognition accuracy on all categories has improved significantly. In addition, the overall structure of the confusion matrix has become clearer, with a higher degree of differentiation between categories. In summary, the improved model can better extract features from mung bean seeds and shows more excellent performance, thus significantly reducing the recognition error rate and providing more reliable and accurate classification results for related applications.

[image: Two confusion matrices compare model performance. The left matrix shows MobileNetV2 predictions, with highest accuracy for class 1 (461). The right matrix shows HPMobileNet predictions, also with highest accuracy for class 1 (491). Both matrices display true versus predicted labels, with a color gradient indicating the frequency of predictions.]
Figure 12 | Visualization of the confusion matrix before and after model improvement, (A) is the confusion matrix of MobileNetV2, (B) is the confusion matrix of HPMobileNet.

The precision, recall, and F1-score of the model classification results can be obtained from the confusion matrix as shown in Table 11. The results show that the improved model improves all the metrics of the eight types of mung bean seeds compared to the original model. The precision of each type of mung bean seed grain was improved by 0.044, 0.105, 0.096, 0.019, 0.102, 0.043, 0.066, and 0.06. Meanwhile, the recall was improved by 0.058, 0.113, 0.028, 0.046, 0.017, 0.042, 0.063, and 0.152, respectively. In addition, the F1 scores were improved by 0.052, 0.11, 0.063, 0.032, 0.062, 0.043, 0.065 and 0.109. These results indicate that the improved network model exhibits better recognition performance in mung bean seed image classification.

Table 11 | Comparative results of Precision, Recall, and F1-score for each category on the test set before and after model improvement.


[image: A table compares precision (P), recall (R), and F1 scores before and after for eight labeled models. Labels range from 1 to 8 with names like BLC, GL07C, and JL05C. Scores generally improve after adjustment, for example, label 1 BLC shows precision increasing from 0.890 to 0.934, recall from 0.892 to 0.950, and F1 from 0.891 to 0.943. Similar improvements are observed across all models.]
To better analyze the results before and after the improvement, this study visualized the data in the table, as shown in Figure 13, it can be seen more clearly that the precision difference between the model categories before the improvement is large, and the recognition ability of the model is poor. After the model improvement was completed, the precision and recall of each category reached a relatively high level, which led to the F1 scores also being greatly improved and showing a more balanced distribution. The recognition accuracies of all categories are improved compared with the pre-improvement period, and the differences in recognition accuracies between different categories are reduced, indicating that the overall performance of the model has been significantly improved, and the adaptability and generalization ability of the model in each category have been enhanced. For some categories with lower recognition accuracies before improvement (e.g., category 2 and category 8), the model gives more attention and optimization to improve their recognition accuracies significantly after improvement, so the overall performance of the model has been greatly improved.

[image: Three line charts display model performance metrics before and after an intervention, across eight classes. Chart (a) shows precision, (b) shows recall, and (c) shows F1-score. "After" consistently outperforms "Before" in precision and recall, with noticeable improvements across most classes. The lines use orange squares for "Before" and purple circles for "After".]
Figure 13 | Visualized comparison results of Precision, Recall, and F1-score before and after model improvement, (A) denotes Precision comparison, (B) denotes Recall comparison, and (C) denotes F1-score comparison.

Figure 14A shows the loss curve and accuracy curve on the validation set before and after the model improvement. The accuracy curve before the model improvement still has large fluctuations at the beginning of the training period, but then the growth rate gradually slows down and stabilizes at the end of the training period, although the model can finally reach a relatively stable level of accuracy with the “95-Gradient”. Although the model can eventually reach a relatively stable level of accuracy with the “95-Gradient”, there are still large fluctuations in the pre-training period of the model, and there may be an overall risk of overfitting. In contrast, the accuracy curve of the improved model shows a more significant upward trend, with the accuracy increasing rapidly at the early stage of training, and then continuing to maintain a stable growth trend, finally reaching the highest accuracy level and stabilizing. Meanwhile, the loss curve of the pre-improved model fluctuates more in the early stage of training, although it gradually flattens out in the later stage of training, which indicates that the model encounters optimization difficulties in the training process, and it is difficult to further reduce the loss. In addition, the final value of the loss curve is relatively high, indicating that the model has limited fitting ability and may have overfitting or underfitting problems. The improved loss curve, on the other hand, shows a more desirable downward trend. In the early stage of training, the loss value decreases rapidly, then stabilizes gradually and fluctuates less in the pre-training period. This indicates that the improved model is more stable in the optimization process and can reduce the loss more effectively. Eventually, the lower value of the loss curve indicates that the fitting ability of the model has been significantly improved and can better adapt to the training data. By comparing the loss curves and accuracy curves before and after the improvement, we can see a significant improvement in the optimization ability and accuracy of the improved model.

[image: Line graphs and thermal signature maps demonstrate model performance. The top graphs display loss and accuracy over 100 epochs for MobileNetV2 and HPMobileNet, showing improved performance with HPMobileNet. Below, thermal signature maps for various categories show clearer patterns with HPMobileNet compared to MobileNetV2 and original images.]
Figure 14 | Comparison of accuracy curve, loss curve, and heat map before and after model improvement. (A) It shows the comparison of loss curves and accuracy curves on the validation set before and after model improvement. (B) It presents the heat feature maps before and after model improvement.

To more intuitively analyze the effectiveness of the improved model in classifying mung bean seeds, this study used the visualization tool Grad-CAM (Selvaraju et al., 2017). Grad-CAM visualizes the image regions that the model focuses on during the prediction process by calculating the gradients of the feature mappings for the target class, multiplying these gradients with the feature mappings to obtain the weights, and ultimately generating a heat map. The original image is shown in the first row, while the second and third columns show the Grad-CAM mapped images before and after the model improvement. The spectrum from blue to red indicates the degree of contribution.

The experimental results are shown in Figure 14B. Before the model improvement, the model may focus more on the local features of the seeds, probably because the model does not have enough ability to extract the global features of the whole image. As a result, the heat map mainly focused on the local area of mung bean seeds, which caused the model to prioritize certain local features and ignore the overall features in the prediction process. However, after the model’s improvement, the model’s focus on channel information increased, enhancing its ability to capture global features. This enabled the model to better focus on the entire mung bean seed grain characteristics rather than just localized features during the prediction process. Thus, the comprehensive improvements in this study enhanced the feature extraction capability of the mung bean seed grain classification model, enabling it to more accurately localize valuable regions in mung bean seed grain images.





4 Discussion

The HPMobileNet proposed in this study is more efficient, less expensive, and more suitable for large-scale applications compared to traditional methods such as chemical and spectroscopic techniques. The accuracy is higher and the number of parameters is lower compared to classical and advanced deep learning algorithms. Despite the excellent experimental results obtained in this study, there are still some limitations that need to be verified in future studies.

Limitations of the dataset: The present study was conducted only on different varieties of mung bean and did not cover the same variety of mung bean grown in different regions or different varieties of mung bean grown in the same region. There are many effects of different geographic environments on the external phenotype of mung bean, such as moisture, temperature, light, and other factors, which are also affected by human factors, and more attention should be paid to the effects of objective factors on the external phenotype of mung bean in subsequent studies.

Limitations of crop types: This study focused only on the mung bean dataset, and the performance of the model on other crops has not been explored.

Limitations of model generalization: The ability of the model to generalize to different crops and environments remains to be fully verified.

In future studies, further parametric optimization of the model can be implemented in conjunction with the properties of MobileNetV4 (Qin et al., 2024). In data preprocessing, a new method for removing specular highlights from grayscale images (Xu et al., 2022) is applied to improve the algorithm’s ability to analyze and process images. Blind super-resolution (Xia et al., 2024) can also be achieved by meta-learning and Markov chain Monte Carlo simulation to make the original mung bean image more high-definition, which makes a corresponding basis for further analyzing the texture information of mung beans. The algorithms proposed in this study can be further embedded into target detection algorithms, such as YOLOv11 (Khanam and Hussain, 2024), to realize real-time monitoring of video streams with multiple targets for classification and identification. Meanwhile, the wireless charging flexible in-situ optical sensing (Zhang et al., 2024) can also be applied to the monitoring of mung beans in future research, which will in turn enable real-time data collection and thus improve the practical deployment of the model in smart agricultural systems.




5 Conclusion

In this study, the application of the improved network model HPMobileNet in mung bean seed classification is deeply explored. Important improvements are made in this study for the MobileNetV2 model, which introduces the efficient feature extraction module ECA block and the efficient residual block DMS block proposed in this study, respectively, and at the same time, the ReLU6 activation function is replaced with the Mish activation function. It is shown through extensive experimental validation that this integration not only drastically improves the accuracy of the model for mung bean seed classification, but also ensures that the FLOPs and parameters do not increase significantly, making HPMobileNet an ideal choice for resource-constrained environments. In the comparison experiments, the superiority of the learning rate dynamic adjustment strategy proposed in this study is verified, the performance of the ECA block and DMS block is verified, the efficiency of the Mish activation function is verified, and HPMobileNet is compared with eight other classical network models, and the results are shown through exhaustive performance evaluation and comparative analysis. HPMobileNet achieves optimal results for each integration, while HPMobileNet shows significant advantages in several key indicators, which are not only reflected in the accuracy of classification and recognition but also in its lightweight and high efficiency, which makes this network model have a broad application prospect in agricultural production, variety identification and other fields.

HPMobileNet cannot only be applied in the field of mung bean production but also be extended to the classification and quality inspection of other food and agricultural products, providing efficient and precise technical support for agricultural production. In summary, the rapid and accurate classification of different varieties of mung bean seeds based on HPMobileNet has significant application potential and practical value and provides new solutions and possibilities for automation and intelligence in the process of agricultural production.
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Digital phenotyping is a fast-growing area of hardware and software research and development. Phenotypic studies usually require determining whether there is a difference in some trait between plants with different genotypes or under different conditions. We developed StatFaRmer, a user-friendly tool tailored for analyzing time series of plant phenotypic parameters, ensuring seamless integration with common tasks in phenotypic studies. For maximum versatility across phenotypic methods and platforms, it uses data in the form of a set of spreadsheets (XLSX and CSV files). StatFaRmer is designed to handle measurements that have variation in timestamps between plants and the presence of outliers, which is common in digital phenotyping. Data preparation is automated and well-documented, leading to customizable ANOVA tests that include diagnostics and significance estimation for effects between user-defined groups. Users can download the results from each stage and reproduce their analysis. It was tested and shown to work reliably for large datasets across various experimental designs with a wide range of plants, including bread wheat (Triticum aestivum), durum wheat (Triticum durum), and triticale (× Triticosecale); sugar beet (Beta vulgaris), cocklebur (Xanthium strumarium) and lettuce (Lactuca sativa), corn (Zea mays) and sunflower (Helianthus annuus), and soybean (Glycine max). StatFaRmer is created as an open-source Shiny dashboard, and simple instructions on installation and operation on Windows and Linux are provided.
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1 Introduction

Digital phenotyping is crucial for tackling challenges like climate change, population growth, and environmental stress (Pieruschka and Schurr, 2019). Until recently, traditional methods of phenotyping did not align with the capabilities of high-throughput genome sequencing and genotyping techniques. These limitations have prompted scientists from diverse fields, including agriculture and engineering, to explore new technologies for phenotyping (Al-Tamimi et al., 2022).

The rapid advancement of high-throughput plant phenotyping (HTPP) tools has resulted in platforms generating enormous amounts of data (Li et al., 2021). High-throughput experiments are conducted both in controlled and field settings through the extensive use of frequent, non-destructive automatic sampling and/or monitoring of several hundreds to thousands of plants within a short period (Al-Tamimi et al., 2022). Comprehensive phenome-wide data facilitate comparisons across populations, enabling phenomics to characterize diverse traits, including structural, physiological, and performance metrics under different environmental conditions (Rahaman et al., 2015; Demidchik et al., 2020). When dealing with large volumes of data, the statistical power of analysis increases. This is particularly true in cases where time series data are involved. Also, in HTPP input data can be highly heterogeneous, such as during studies of different plant varieties and genotypes and different treatments and sites of the studies. Analysis and interpretation of data by appropriate techniques and tools are required. To maximize the potential of HTPP, it is essential for researchers to be able to manage large datasets. This necessitates the efficient collection and management of data, which is most effectively achieved through automated processes (Araus et al., 2022).

A number of companies and research institutes have developed high-capacity phenotyping platforms, both indoor and outdoor, such as Traitmill (CropDesign, Belgium) (Lobet, 2017), HyperAIxpert (LemnaTec, Germany) (HyperAIxpert Family - LemnaTec), and The Plant Accelerator (Australian Plant Phenomics Network, Australia) (Australian Plant Phenomics Network, [[NoYear]]). Such platforms are used to assess crop features related to productivity and tolerance to stressors like salinity (Lazarević et al., 2021; Li et al., 2022), drought (Hein et al., 2021; Joshi et al., 2021; Kim et al., 2021; Javornik et al., 2023), low temperature (Islam et al., 2021). They employ advanced technologies, including imaging stations, automated systems, and proprietary software, to conduct efficient analysis of plant characteristics. In addition, various software solutions have been developed to automatically extract standard features from images, such as plant height and width, utilizing open-source platforms such as HTPheno (Hartmann et al., 2011) and the Integrated Analysis Platform (IAP) (Yang et al., 2020).

Regardless of the method used to collect data on plant phenotype, the next essential step is statistical analysis of the results. Critical for the average user is the self-sufficiency in employing analytical tools, eliminating the need for recurrent solution development. Regrettably, the embedded analytical tools in mainstream digital phenotyping platforms frequently fall short in managing extensive datasets with diverse attributes.

Contemporary methodologies of time series analyses of phenotypic data prevalent in recent publications routinely entail procedures such as outlier identification, percentage transformations, ANOVA, and post-hoc Tukey’s test (Kjaer and Ottosen, 2015; Minervini et al., 2017; Parmley et al., 2019; Kim et al., 2020; Leiva et al., 2021; Nyonje et al., 2021; Schmidt et al., 2023; Tripodi et al., 2024). With the rapid increase in data volume, it has become clear how crucial it is to be able to seamlessly visualize and validate digital phenotyping data in an automated manner. Excellent example of a solution to this problem was given in the work of Schmidt et al (Schmidt et al., 2023), where detecting and rectifying any potential phenotyping artifacts at an early stage was essential for conducting Genome-Wide Association Studies (GWAS) on a scale of nearly a thousand lines.

In the realm of plant phenotypic data preprocessing, a noteworthy tool is AllInOne Pre-processing (Yoosefzadeh Najafabadi et al., 2023), an open-source R-Shiny package that offers efficient solutions for data management. This package includes advanced features such as handling missing data, visualizing datasets, detecting outliers, estimating correlations, normalizing data, and conducting spatial analyses, all optimized for speed and user experience.

Building on this philosophy, our approach prioritizes extended longitudinal studies and integrates specialized methods for controlled environment time series analysis. StatFaRmer (Statistical Analysis for Farmers using R) is an open-source web tool that can be installed locally, requiring no prior knowledge of R.

Standard software bundled with phenotyping tools often falls short in providing user-centric interfaces for specific tasks, highlighting the need for a more intuitive design that meets diverse hardware and software requirements. The development goal for StatFaRmer was an enhanced data processing and insights generation in time-series data. The key requirements for the tool included:

	Data Processing and Outlier Filtering: Implementing robust data processing techniques to filter out outliers and ensure the integrity and accuracy of the time-series data. The tool defaults to easily interpretable Z-score outlier detection, which can be switched to IQR outlier detection for less normal data by adjusting the options at the beginning of the main script. Outlier removal can be entirely bypassed by commenting out the “remove outlier groups” section of the main script. Additionally, the skewness and kurtosis of each selected group within the data can be tracked using the “Descriptive” tab in the StatFaRmer application.

	ANOVA: Incorporating ANOVA analysis with post-hoc Tukey’s test to enable users to perform statistical comparisons and identify significant differences among various groups within the time-series data. The Shapiro-Wilk test and diagnostic plots are offered alongside ANOVA to evaluate normality and, thus, reliability of ANOVA results. The specific ANOVA model incorporates user-defined terms and is prominently displayed above the plot. While you can adjust the number of terms, only two-way interactions between them are considered to improve the clarity of the results.

	Data Subsetting: Developing capabilities for data subsetting, allowing users to focus on specific subsets of the time-series data for more targeted and detailed analysis.

	Factor Selection and Faceting: Enabling selection of phenotyping traits to facilitate in-depth analysis by grouping and examining data based on specific variables or factors.

	Download Table with Statistics: Enabling users to download tables with comprehensive statistics, including selected grouping parameters such as gene, treatments, cultivar, and time clusters. This feature empowers users to access and utilize data insights offline for further analysis and reporting purposes.



Functionality and performance of the StatFaRmer tool was tested on plant data obtained using TraitFinder (Phenospex, Netherlands) (TraitFinder digital phenotyping workstation on wheels for lab- and greenhouse phenotyping automation - PHENOSPEX) high-performance phenotyping platform, complemented by our custom annotations of accessions.




2 Methods



2.1 Development of StatFaRmer

StatFaRmer was developed fully with R (R Core Team, 2024) and consists of an initial processing script main.R, which can be modified to better work with a new experiment, and a shiny app.R, which allows users to visualize the data and quickly test a number of hypotheses, as shown in Figure 1.

[image: Flowchart detailing a data processing workflow for genetic screening. It starts with inputs from "TraitFinder, Phenospex" and "Genetic Screening," leading to various data files and configurations like "experiment_data.zip," "experiment_handmade.csv," and "optional: groups.xlsx." The process continues through project configuration steps like "main.R" and "app.R," culminating in outputs including "Merged data summary," "ANOVA & Diagnostics," "Visualization," which generate "Excel reports" and "Vector plots."]
Figure 1 | The overall block-scheme of the StatFaRmer platform. The block types are categorized: bold blocks represent required hardware and optional data sources, regular blocks indicate input and output files, and dashed blocks depict processing units and concepts.

The script main.R is equipped with functions that can handle various tasks using four groups of R packages:

	The first group consists of libraries that are primarily used for project stability and data validation: checkmate (Lang, 2017) for ensuring the validity of input data, logger (Daróczi, 2024) for testing tool’s interactivity, and renv (Ushey, 2023) for managing project dependencies.

	The second group includes tidyverse (Wickham et al., 2019) packages that focus on data manipulation and transformation: magrittr (Bache and Wickham, 2022) and rlang (Henry and Wickham, 2024) for simplifying code structure, purrr (Wickham and Henry, 2023) for functional programming, dplyr (Wickham et al., 2023a) for data manipulation, forcats (Wickham, 2023a) for handling categorical data, stringi (Gagolewski, 2022), stringr (Wickham, 2023b) and glue (Hester and Bryan, 2024) for string manipulation; readr (Wickham et al., 2024a), readxl (Wickham and Bryan, 2023) for reading tabular data, tibble (Müller and Wickham, 2023) for data structure, tidyr (Wickham et al., 2024b) for data tidying; with addition of janitor (Firke, 2023) for data cleaning, and lubridate (Grolemund and Wickham, 2011) for working with dates and times.

	The third group introduces statistical and clustering libraries: stats (R Core Team, 2024) for basic statistical functions and operations, and dbscan (Hahsler et al., 2019; Hahsler and Piekenbrock, 2024) for density-based clustering.

	astly, shiny (Chang et al., 2024) is a library for starting interactive web applications directly from R, providing a user-friendly interface for data visualization and analysis.



The script app.R utilizes various libraries to enhance its functionality: for dashboard creation, it employs shiny (Chang et al., 2024) with shinyWidgets (Perrier et al., 2024) for data wrangling, it incorporates tidyverse (Wickham et al., 2019) and vecsets (Witthoft, 2023); and for plotting, it features ggplot2 (Wickham, 2016). Additionally, libraries such as broom, flextable, moments, bslib, viridis, DT, multcompView (Komsta and Novomestky, 2022; Garnier et al., 2024; Gohel and Skintzos, 2024; Graves and Piepho, 2024; Robinson et al., 2024; Sievert et al., 2024; Xie et al., 2024) are used for general beautification and presentation of tabular results, while writexl (Ooms, 2024), svglite (Wickham et al., 2023b) are employed for data export. The script also includes publishing options through rsconnect (Atkins et al., 2024), facilitating tasks like data visualization, statistical testing, and data preparation.




2.2 Automated data handling

StatFaRmer imports user data from a specified project directory in the form of a TraitFinder-compatible experiment (.zip containing.csv files). The data includes plant coordinates (in the “unit” column) at each time point (in the “timestamp” column, ISO 8601 standard (ISO, 2017)), along with their respective numerical phenotypic parameters such as height and Normalized Difference Vegetation Index (NDVI).

Users are also required to provide two.csv tables: one named *_handmade.csv, which includes the required plant IDs (column “V.T.R,” indicating variety, treatment, and repetition number), as well as treatment and cultivar names (columns “Treatment” and “Cultivar”). This information will be displayed in the reports, overwriting any corresponding columns from the.zip file if provided. Additionally, a *_translation.csv table is necessary for establishing a one-to-one correspondence between plant IDs and unit coordinates, containing “V.T.R” and “T:X:Y” (should match TraitFinder ‘unit’ convention, indicating table number and spatial coordinates on it) columns.

An optional groups.xlsx table can be included, which must have a cultivar column and any additional columns that the user wishes to include as factors. Factor levels should consist of Roman letters, digits, and underscores for compatibility with the multcompView package.

On first access of StatFaRmer to the data, it determines time clusters. These clusters are introduced since the measurements of each plant take some time and timestamps for different plants are different for each experimental time point. For example, if the measurement takes 1 second, the timestamps for measurements at 2 PM for the first plant will be 2:00:00, for the second plant — 2:00:01, etc. Also, at this step the script identifies repeated measurements of each plant at one time point that have different timestamps as replicates, and separates them from measurements made at other time points. For this clustering, the script main.R of StatFaRmer uses DBSCAN clusterization algorithm with epsilon parameter. This parameter, defined in the main.R script in hours and currently configured to 1, efficiently processes experimental data irrespective of the plant measurement frequency. It is optimized to handle datasets where consecutive measurements are separated by an hour or longer. measurements with narrower time windows are considered technical repeats. From this point on, the original timestamps are replaced by “dbscan_cluster” times, which are close to the time points defined in experiment design, but do not coincide exactly. For example, the 2 PM time point in experimental design will result in timestamps of original data in the 2:00:00 — 2:05:30 interval, which become replaced by the median for all measurements in the cluster, say, 2:02:43 dbscan_cluster value.

Thus, “dbscan_cluster” times serve as a substitute for timestamp data, enabling faceting and factor selection in the analysis. It allows grouping timestamps with a given precision, which is required in an experiment with multiple consecutive scans. This step is necessary for further data processing and statistical analysis.

Then, all replicated measurements for plants (the measurements with the same dbscan_cluster time value) are filtered from outliers for each measured parameter (trait) within clusters based on a 3-sigma threshold. If the parameter is expressed as a percentage (for example, bins of specific ranges of NDVI values in TraitFinder datasets), then it is converted using the logit function, and placed in data tables as logit value for further analysis. Percentage values exactly equal to zero or one are replaced in advance with the nearest extreme finite values to avoid introducing infinities into analysis. This transformation was chosen as a more robust alternative to the arcsin, while still striving for interpretability (Lin and Xu, 2020). Additionally, the data table undergoes further modifications, such as column reordering, type conversions, the elimination of columns with only one factor level, and data reorganization for better readability. These manipulations are optional and can be controlled by the user as needed. However, this functionality is currently implemented by commenting out the relevant sections of the main script. At this stage, additional criteria for grouping are incorporated based on the groups.xlsx file located in the current project directory. Users also have the flexibility to group plants based on additional criteria in accordance with the experimental design (e.g., control, factor treatment), as demonstrated in section 2.4. All of these steps are implemented to prevent collisions during the subsequent ANOVA. Then StatFaRmer computes medians for technical repetitions of the same plants within time clusters, and saves the processed table as an RDS file for the Shiny app.

StatFaRmer performs ANOVA on user-selected grouping factors and their interactions for a specified trait, followed by Tukey’s test. It includes Shapiro-Wilk tests to assess normality, displaying results and diagnostics in the ANOVA tab to aid informed decisions on further analysis, such as adjusting outlier removal strategies and model parameters.




2.3 User interface

StatFaRmer has a friendly interface made with the Shiny app framework, which allows users to analyze data interactively and share the dashboards. Users can choose grouping factors, factor levels, treatments, and more to customize their analysis. The main panel displays faceted violin plots with automatically assigned characters from multiple comparisons, based on ANOVA/Tukey’s tests of user defined groups. There are also tabs for looking at raw data, stats, ANOVA and Tukey’s test results, and group comparisons, giving users more ways to analyze their data.

The tool’s server logic handles data smoothly using reactive expressions and debouncing techniques. It allows users to select and change variables by specifying them in a drop-down list and removing them using the Backspace or Delete keys for dynamic data visualization. By presenting mean, median, deviation from normal distribution, ANOVA and Tukey’s test results, StatFaRmer provides a comprehensive view on the data. Additionally, StatFaRmer makes it easy for users to see and download plots as SVG files, formatted tables with formulas used, raw data and their stats, ANOVA results, Tukey’s test outcomes, and group comparison characters. This feature makes it simple for users to explore, interpret and record the results of their statistical analysis.




2.4 Utilization of the StatFaRmer tool for statistical analysis of phenotypic data

The tool is run in a browser (tested on major web browsers) at address (https://stathmin.shinyapps.io/StatFaRmer). A sample dataset of different plant species (bread wheat (Triticum aestivum), durum wheat (Triticum durum), and triticale (× Triticosecale)), cultivars (35 variants) and plant genotypes (allelic state of 3 genes), with different treatments (3 variants), and the time series of morphological and spectral parameters of these plants is loaded in this tool as an example and available on GitHub.





3 Results



3.1 Initial data processing



3.1.1 The application of the DBSCAN method for the soybean dataset

Clustering similar timestamps with DBSCAN — with epsilon guided by the experimental design (e.g., event duration or data collection frequency, typically 1 hour) allows for identification of patterns in time-series data. This approach minimizes artifacts from cruder timestamp aggregation, clarifying meaningful relationships. The effectiveness of DBSCAN is contingent on selected epsilon, requiring meticulous tuning for optimal clustering.

This feature is exemplified by an experiment on soybean (Glycine max) phenotyping, where 50 varieties were grown under two photoperiods with two repetitions, totaling 200 plants. Seed preparation involved treating dry seeds with a fungicide, then treated soybean seeds were planted 2 cm deep in 500 ml pots filled with 230 g of moistened peat, with four seeds per pot. After germination, three plants were retained per pot. Plants were grown in a climate chamber under a photoperiod of 22 hours light and 2 hours dark. Initial lighting was continuous (24/0) for the first three days to prevent seedling stretch. Temperatures were maintained at +26°C daytime and +25°C nighttime, with an intensity of 400 μmol/m²/s. Pots were arranged randomly and repositioned weekly. During the first 7-10 days, plants were watered with room-temperature water, then with 50 ml as needed. Once true leaves appeared, a mineral fertilizer was applied daily at 30 ml per pot. For scanning, plants were moved to a phenotyping table, organized by variety and replication. Soybeans were grouped into sets of 12 pots, recorded in separate blocks, totaling nine blocks. Figure 2A displays the raw data in HortControl (PHENOSPEX, [[NoYear]]), the default application of Phenospex, while Figure 2B presents the same data after time clustering using StatFaRmer.

[image: Two graphs labeled A and B display digital biomass data over time. Graph A shows multiple colored lines representing biomass in millimeters cubed on the vertical axis against time on the horizontal axis, from May 6th to May 8th. Graph B similarly displays lines and points representing digital biomass against time, with plant numbers indicated by a color legend on the right. Both graphs show an upward trend in biomass measurements.]
Figure 2 | (A) The first two measurements of soybean phenotyping. The X-axis represents the date and time of each scan, while the Y-axis shows the corresponding digital biomass. Each line on the graph corresponds to an individual plant, resulting in a total of 200 graphs. The data is unprocessed, with each timestamp represented as a separate plotted point, totaling 34 points per measurement. This creates visual clutter, evident as “ladders” at the edges, and complicates further analysis. (B) The same data, presented in StatFaRmer. The repetitions are averaged and displayed as one graph per variety, reducing the total to 50 graphs in one image. Similar timestamps are clustered and represented as single time points, enhancing the graph’s visual accessibility and making the data easier to use for statistical analysis. The points in this graph represent unprocessed measurements, while the lines represent data processed in StatFaRmer.

Biologically, this function is crucial for making the data more accessible to humans. In the original unprocessed figure, the volume of data is too large to discern any trends (200 graphs compared to 50). Additionally, the spikes and “ladders” caused by the absence of timestamp clustering make it difficult to follow the individual graphs and the figure as a whole.




3.1.2 Example of the outlier removal for bread wheat, durum wheat, and triticale datasets

Filtering outliers in timestamp clusters using a 3-sigma threshold preserves data integrity in time-series analyses. This method discards measurements beyond three standard deviations from the mean, mitigating measurement errors and highlighting true trends. It assumes normality; thus, alternative methods like interquartile range (IQR) may be needed. In this case, the variable use_IQR changes the filtration method.

This method is illustrated by our sample dataset of bread wheat, durum wheat, and triticale plants featuring 35 varieties and 3 treatments, measured across 2 repetitions, totaling 210 plants. A more detailed description of this experiment can be found in section 3.5. The original dataset includes outliers, as shown in Figure 3A, where specific outlier measurements are indicated by arrows. StatFaRmer automatically filters these outliers, resulting in the adjusted dataset shown in Figure 3B. After applying either 3-sigma threshold or IQR outlier removal, 99% and 97% of measurements are retained, respectively. The outliers are primarily caused by uncontrollable external factors, such as improper positioning of glossy or reflective plant parts or interference from nearby foliage in the scanning area. The tool allows analyzing the affected plants in subsequent timestamps to assess any persistent issues or trends.

[image: Two line graphs labeled A and B show the leaf area in millimeters squared over time for various plants. Graph A includes black arrows pointing to outliers with significantly higher initial leaf areas around late March. Graph B shows more consistent growth patterns from March 28 to April 21, with lines representing different plants in various colors, indicating a more stable dataset without outliers.]
Figure 3 | Plots of the same data collected during bread wheat, durum wheat, and triticale phenotyping from HortControl and StatFaRmer. (A) Unprocessed data collected during phenotyping by HortControl, the primary software for the TraitFinder platform. The X axis is the date and time for each scan, the Y axis is the corresponding plant leaf area. Each line on the graph represents an individual plant. (B) Comparative visualization from StatFaRmer with individual lines displaying the changes over time of DBSCAN cluster medians. The outliers are removed, the spike at Apr-13 is made more evident, presuming technical issues to be studied in more detail. The thin lines represent the “height map” or 2D density map and are used when the number of plotted observations exceeds 2000 individual points.

The biological significance of this lies in the automatic removal of obviously unrealistic measurements that result from errors, such as interference from a person or an inanimate object during measurements. Since we conduct numerous large-scale experiments in limited spaces, we have encountered instances of human error, such as rearranging pots while TraitFinder is still running. While we document these incidents thoroughly, having a function that removes the most extreme outliers is essential.




3.1.3 Example of logit transformation for sugar beet dataset

Logit transformation corrects deviation from normality in percentage data, particularly near 0% and 100%, by converting bounded proportions to an unbounded scale, stabilizing variance for statistical analyses like linear regression and ANOVA while still being easily interpretable (Lin and Xu, 2020). Before the transformation, we replace 0% or 100% values with the closest observed values to maintain the integrity of the analysis.

As an example of such a percentage data, which normally occurs in phenotyping analysis, we have studied the share of specific Plant Senescence Reflectance Index (PSRI) bins. PSRI is calculated as follows:

[image: Italicized text showing a mathematical expression with "RED minus GREEN" over "NIR", indicating a ratio or formula.]	

where the red wavelength is 620-645 nm, green is 530-540 nm, and near-infrared (NIR) is 720-750 nm. Spectral indices can also be represented using bins. A bin counts how many points of a given 3D scan fall within its defined boundaries, each having a lower and upper limit. The number of points within the bin is expressed as a percentage of the total area. In this case, the PSRI index consists of six bins, with bin 0 [-4:-0.8] being the lowest. A lower PSRI value indicates healthier plants (Merzlyak et al., 1999).

To illustrate this feature we picked an experiment with sugar beet (Beta vulgaris) plants of 2 varieties which were exposed to a prolonged period of cold (vernalization) at 5 and 10°C (24 plants in total) and were grown at lighting conditions differing by spectrum. After pre-sowing preparation, the seeds for germination were placed on moist filter paper in a plastic container, which was covered with film and kept in the dark at room temperature for three days. The growing containers used were 500 ml plastic seedling pots filled with sterilized peat that had been treated for 15 minutes at 121°C, mixed with perlite in a 5:1 ratio. Germinated seeds were planted at a rate of three seeds per pot. Vernalization was carried out at temperatures of +5°C and +10°C. Temperature was monitored through temperature and humidity sensors the entire duration of the experiment. Plants were grown under LED lamps with photoperiods of 22/2 and 10/14 hours, using white light at an intensity of 60, blue + red light at an intensity of 500, and blue + red light at an intensity of 466.

In Figure 4 we compare the PSRI [-4:-0.8] bin of plants grown at various lighting conditions at temperature 10°C. The Plant Senescence Reflectance Index (PSRI) is a key parameter in plant science for assessing leaf senescence. Proposed in 2002 (Merzlyak et al., 1999), it helps estimate the onset, stage, relative rates, and kinetics of senescence and ripening processes.

[image: Violin plots display logit values of psri_4_0_8 over time for different timestamp groups. The plots show data from July 19, 2023, and September 20, 2023, across three categories: "red and blue 466," "red and blue 500," and "white 60." Categories are labeled with "a," "ab," and "b," indicated in purple, teal, and yellow.]
Figure 4 | Results of the Plant Senescence Reflectance Index (PSRI) for sugar beet plants after a vernalization period, under different lighting conditions in the [-4:-0.8] bin. This bin is the lowest, with lower PSRI values corresponding to healthier plants. The graph comprises six panels for easy comparison among the different conditions. The left three panels display measurements from the initial time point, while the right three were measured two months later to evaluate how the spectrum affects the plants. On the right, there is a bar indicating the spectrum options. The colors represent different clusters. Clusters that do not share common characters (a and b) are significantly different. The equation above the panels represents the analyzed factors and interaction in the ANOVA.

As shown in Figure 4, the lowest and healthiest bin of PSRI was significantly reduced after two months of growing the plants under white light, while there was little change under the other conditions. Based on the conducted research, it can be stated that a short day, particularly in combination with low temperature, significantly slows down plant development. However, the blue-red spectrum at an intensity of 400-500 μmol/m²/s mitigates this effect.




3.1.4 Example of support for supplementary data for bread wheat, durum wheat, and triticale dataset

Integrating Phenospex (TraitFinder) data with user-generated tables enriches datasets by adding variables like environmental and genetic factors, enhancing analysis robustness and validity, and improving insights into phenotypic traits and research reproducibility. Grouping and subsetting data by genes, treatments, cultivars, and time clusters enables targeted hypothesis testing for selected traits.

This step is illustrated with a subset of our experiment with bread wheat. All the cultivars of bread wheat were screened for their allelic states of the Ppd-1 gene, which is known to regulate inflorescence architecture and paired spikelet development in bread wheat (Boden et al., 2015). A more detailed description of this experiment can be found in section 3.5. After the experiment was completed, the data were uploaded in csv format and supplemented with information about Ppd-1 alleles in each cultivar. Using StatFaRmer, we assessed the effect of the Ppd-1 alleles Ppd-D1a and Ppd-D1b on the digital biomass of bread wheat (Figure 5). Photoperiod-insensitive alleles of Ppd-1 are commonly utilized in breeding to reduce the requirement for long day lengths and promote earlier flowering in the season. The graph indicates that the digital biomass was nearly equal for plants with Ppd-D1a and Ppd-D1b alleles at the beginning of the experiment (first column). However, by the end of the experiment (third column), plants with the Ppd-D1b allele exhibited significantly higher digital biomass, suggesting that some Ppd-1 alleles may enhance biomass gain.

[image: Violin plots display digital biomass in cubic millimeters across three timestamps for two categories, Ppd_D1a and Ppd_D1b. Different colors represent group letters: e, cd, b, de, and a. Each plot includes data points and a letter label indicating group significance.]
Figure 5 | This graph consists of six panels: the top three illustrate how the digital biomass of plants with the Ppd-D1a allele changed over time, while the bottom three show the same process for plants with the Ppd-D1b allele. The three time points are indicated at the top, and colors represent the respective clusters. Clusters sharing a common character (c and cd; cd and de; de and d) may overlap. They are arranged in order of digital biomass value, with plants in cluster “a” having the highest biomass and being the most distinct from those in cluster “e.” The equation above the panels represents the correlation of the analyzed factors in the ANOVA test.





3.2 Examples of phenotypic data visualization with dynamic faceting for sugar beet, corn and sunflower datasets

The tool’s visualization allows for interpretation of temporal variations among groups, marked by characters, obtained based on Tukey’s test p-values, where common characters identify levels or groups that are not significantly different. This aids in hypothesis formulation and decision-making. Alternatively, it allows users to observe and compare time trends between groups of interest. A color-coded, color-blind-friendly palette enhances accessibility and clarity for all users.

This function is illustrated (Figure 6) with a dataset consisting of plants of 3 varieties of corn (Zea mays) and 3 varieties of sunflower (Helianthus annuus) in 6 repetitions grown under two different conditions (72 plants in total). The sunflower varieties used were Zhemchuzhina, Korona, and CC-4, while the corn varieties included Marmeladka, 147MB, and 975-5. The plants were grown under photoperiods of 10/14 and 22/2.

[image: Two violin plots labeled A and B depict digital biomass measurements over time. Plot A shows data for November fifteenth and twentieth, 2023, with two clusters each colored yellow and purple. Plot B displays similar dates with clusters in yellow, purple, and turquoise. Each cluster is marked with letters a, b, or c, indicating statistical groupings. Measurements in plot A range up to one million two hundred fifty thousand cubic millimeters, while plot B scales to five million cubic millimeters.]
Figure 6 | The comparison of biomass growth of sunflower (A) and corn (B) under two distinct sets of conditions. The graph illustrates that while corn exhibited variability in response to the different growing conditions, sunflowers showed consistent growth across both environments.

As shown in Figure 6, digital biomass is similar across various conditions for both sunflower and corn at the initial measurement. At the second time point, while sunflowers continue to exhibit similar digital biomass across all treatments, corn demonstrates a preference for the 10/14 photoperiod. This suggests that photoperiod has a more significant impact on corn compared to sunflower. Alternatively, the effects of photoperiod on sunflowers may manifest later due to differences in growth rates.

The facet syntax aligns with R formula principles, allowing grouping variables to be placed around the tilde (~) for distinct vertical or horizontal subplots. This flexibility enhances data clarity and interpretability, while using “~.” simplifies visualizations by removing faceting when necessary.

To illustrate this feature we used the previously mentioned experiment with sugar beet plants and compared the growth of leaf area with different temperatures of vernalization. As shown in Figure 7, the leaf area of plants exposed to 5°C vernalization remained consistently lower throughout the experiment. This likely indicates that the plants experienced more stress, resulting in suppressed leaf growth. Conversely, it may suggest that the plants were conserving energy to invest in flowering.

[image: Panel A displays violin plots of leaf area in square millimeters, categorized by timestamp and color-coded by letter group. Panel B shows a line graph of leaf area over time with two temperature conditions, five and ten degrees, represented by blue and red lines, respectively.]
Figure 7 | (A) This study compares the leaf area growth of sugar beets vernalized at 5°C and 10°C. The results indicate that plants vernalized at 10°C exhibited a larger leaf area compared to those vernalized at 5°C. However, the observed distributions are not normal, raising questions about the underlying factors affecting growth. Additionally, the same data was visualized as a timeline (B) by eliminating the faceting. The deviations from normality observed in (B) can thus be attributed to some plants not initiating growth throughout the experiment. The data is plotted in a single subplot by setting the faceting formula to “~ 1” and using genotype as the grouping factor.




3.3 Statistical evaluation of the differences between groups for significance



3.3.1 Example of descriptive statistics for cocklebur and lettuce datasets

StatFaRmer reports raw tables and tables with descriptive statistics. They provide essential insights on sample size (n), central tendency (median, mean), variability (cv_perc), range (min, max), and distribution shape (skewness, kurtosis), guiding further analysis.

This feature is illustrated with an experiment in which 22 plants of cocklebur (Xanthium strumarium) and 22 plants of lettuce (Lactuca sativa) were treated with 4 different herbicides. Plants were grown in pots measuring 16.5 cm x 9.5 cm x 8.5 cm, with two plants per pot, using a universal soil that contains all the necessary macro- and microelements.Soil moisture was maintained at 50% through watering three times a week, and plants were kept indoors at 22°C and 60% humidity with 16 hours of light. Temperature and humidity were regulated using air conditioning units and water containers, and they were continuously monitored with temperature and humidity sensors throughout the entire duration of the experiment.

On day 0, plants were sprayed with water or clopyralid formulations (20.6 mL/m²) in five replicated pots. Clopyralid formulations, Hacker WG and Hacker 300 SL, were obtained from JSC August Inc. A gemini surfactant, 16-6-16, was synthesized from hexadecyl bromide and N,N′-tetramethylhexamethylenediamine. Readers can find a more detailed description of the results in our article dedicated to this experiment (Mirgorodskaya et al., 2023).

Figure 8 demonstrates that lettuce plants were significantly more susceptible to herbicide treatment compared to cocklebur, as indicated by the higher PSRI in lettuce. The descriptive statistics in Table 1 confirm this observation.

[image: Line chart showing the average PSRI over time for two genotypes: cocklebur (red) and salad (teal). Both data series trend upwards, with salad showing a steeper increase. Time is on the x-axis from May 16 to May 30, and PSRI average is on the y-axis.]
Figure 8 | Timeline representation of the herbicide experiment with lettuce and cocklebur. Due to over 2,000 observations, the data is presented as density maps. Notably, May 17 exhibits a decline in average PSRI for one cocklebur sample, lasting for several days.

Table 1 | Descriptive statistics from the herbicide experiment at three time points.


[image: Table displaying statistical data for different groups based on plant type and time point. Columns include group details, sample size, median, mean, coefficient of variation, minimum, maximum, skewness, and kurtosis. Descriptions indicate the meanings of the group combinations, with 1 for the start, 35 for the second time point, and 69 for the conclusion.]
The increased sensitivity of lettuce indicates a deficiency in protective mechanisms against herbicides, making it more susceptible to chemical stress. In this experiment, lettuce was used as a control plant due to its low resistance to chemical stress, and its higher PSRI indicates that the herbicide is effective.




3.3.2 Example of ANOVA and Tukey’s test for cocklebur

ANOVA’s user-selected factors are automatically supplemented with their two-way interactions, which allows for thorough assessment of variable influences on responses. This aids in identifying complex relationships, but researchers must be cautious of potential overfitting due to increased model complexity. StatFaRmer reports post-ANOVA tables (Table 2) to succinctly present key results.

Table 2 | ANOVA table illustrating the significance of observed effects in cocklebur plants treated with four herbicide compositions across days 1, 2, and 10 of the experiment.


[image: Table showing statistical analysis results, including terms: dbscan_cluster, treatment, dbscan_cluster:treatment, and Residuals. Columns include degrees of freedom (df), sum of squares (sumsq), mean squares (meansq), test statistic, p-value, and significance (sig). Dbscan_cluster shows df of 2, sumsq 0.16, meansq 0.08, statistic 96.75, p-value 0; significance is ***, indicating p-value less than 0.001. Residuals have df 48, sumsq 0.04, p-value greater than 0.05.]
This feature is illustrated by a subset of the same experiment. The Normalized Difference Vegetation Index (NDVI) is a widely used vegetation index for assessing plant health. Figure 9 displays sets of three time points for plants treated with four different herbicide compositions. Cluster “a” represents higher NDVI values, indicating healthier plants before herbicide treatment. Conversely, cluster “e,” which has the lowest NDVI, appears only at the end of the experiment with Treatment 1. This suggests that this treatment is particularly effective at destroying this specific weed.

[image: Box plot matrix displaying "ndvi average" over time across different treatments and clusters. Each subplot is labeled with letters indicating significance groups: "a", "ab", "abc", "bcd", "cd", "d", "de", and "e". The x-axis represents time with specific timestamps, and the y-axis shows the "ndvi average". Each subplot corresponds to a treatment or cluster group, revealing distribution and significance using colors.]
Figure 9 | Comparison of NDVI in cocklebur plants treated with various herbicides. Treatment 1 notably decreased NDVI, showing significant effects the day after application and lasting for a week. The colors represent clusters, where lack of common characters in cluster names indicate statistically significant differences between the clusters. These lowercase letters are automatically assigned characters from multiple comparisons, based on ANOVA/Tukey’s tests of user defined groups. They are used consistently across multiple figures.

The “Tukey” feature identifies contrasts among parameter combinations across factors and time points. StatFaRmer reports these tables after the Tukey’s test to present key results, including contrasts, estimates, confidence intervals (conf.low, conf.high), adjusted p-values, and significance (sig).





3.4 Results export

In StatFaRmer Shiny App, all tables and produced plots can be downloaded after applying filters and subsets (via the “Download Full Results” and “Save Plot as SVG” buttons).




3.5 The dataset of high-throughput plant phenotyping of Triticeae

To evaluate the features and performance of StatFaRmer, a study on the growth of various cereal plants under conditions of nitrogen starvation and low and high nitrate concentrations has been performed (Figure 10). The grains of different cultivars of bread wheat (Triticum aestivum), durum wheat (Triticum durum), and triticale (× Triticosecale) were placed on Petri dishes containing moist filter paper and incubating them at 25 degrees Celsius. After seed germination, the seedlings were transferred to pots filled with sand and watered regularly with modified Hoagland solutions with various concentrations of nitrates. These solutions contained 0, 1mM and 10mM potassium nitrate, and the first two solutions were supplemented by potassium chloride to maintain the same molar potassium content that the third solution. The pots were arranged randomly. The modified Hoagland solutions were added 3 times per week in quantities to replace the lost weight of the pots. Temperature and humidity were monitored throughout the entire duration of the experiment.

[image: Flowchart detailing the process of bread wheat, durum wheat, and triticale cultivation and phenotyping. Steps include seed germination on Petri dishes, repotting into sand-filled pots, random treatment assignments, 26 days of growth with Hoagland's solution, phenotyping, and data export. Final step involves preparing CSV tables for StatFarmer analysis.]
Figure 10 | Schematic representation of the study examining nitrate’s effect on bread wheat, durum wheat, and triticale growth, which produced the sample dataset for StatFaRmer. * here represents "wildcard character".

Phenotypic observations of all plants were conducted three times daily in two to three replicated measurements using the TraitFinder phenotyping platform (Phenospex, Netherlands). This platform is based on a PlantEye — a laser scanner coupled with a multispectral imager. PlantEye generates a 3D point cloud with reflectance values for each point at four wavelengths. The TraitFinder we used was equipped with two PlantEye scanners that were installed at some distance and angles to minimize plant blocked areas. Two 3D point clouds from each PlantEye were combined into one point cloud with better coverage of plants. Using these 3D point clouds, a HortControl software calculated various morphological and spectral parameters of the plant.

Among the morphological parameters are plant height, leaf area and digital biomass, which is determined by the product of the two previous parameters and for plants with the same architecture correlates well with the real plant biomass (Vadez et al., 2015; Maphosa et al., 2017; Quijia Pillajo et al., 2024). Among the spectral parameters are NDVI and its “bins” — the proportion of plant leaf area that has NDVI values in a certain range. A set of parameters obtained during the experiment for all plants and time points exported in archived CSV format, was combined with annotation tables and imported into StatFaRmer as a standard sample dataset.




3.6 StatFaRmer performance evaluation

Data processing speed of StatFaRmer has been tested on a laptop equipped with an AMD Ryzen 5 5500U with Radeon Graphics 2.10 GHz with 8 GB of RAM. The test showed that the initial launch of the program using the bread wheat, durum wheat, and triticale study dataset (18 Mb.csv file that contains 58,380 rows and 49 columns) takes 30 seconds. Subsequent launches take only 4 seconds, since the.rds objects used by the shiny app were already created when the application was first launched.

ANOVA analysis and plotting violin charts for a phenotypic parameter for selected time points occurs almost instantly for numbers of treatment and timestamp levels below ten. Plotting time series trends for big datasets such as the bread wheat, durum wheat, and triticale study dataset (almost 20,000 measurements to represent after averaging within DBSCAN clusters) was sped up by drawing density maps instead of point geometric objects when trying to plot more than 2,000 measurements.

In this series of studies, StatFaRmer has become essential to evaluate the outcomes obtained from digital time-series phenotyping due to its flexibility and a wide range of customizable parameters for analysis. During our work with this tool, we were able to explore a diverse range of plant cultivars and identify the factors that influence the condition of specific plants. For instance, in our latest experiment, we grew plants of various varieties, and because of this tool, it was possible to not only compare the growth patterns between different varieties but also assess the impact of various alleles by grouping the varieties based on these allelic variants.

The resulting tool can be accessed at 9https://github.com/Stathmin/StatFaRmer), with the instructions on installation and the sample dataset provided.





4 Discussion

The evaluation of StatFaRmer underscores its efficiency in processing data for digital time-series phenotyping, with an initial launch time of 30 seconds, followed by just 4 seconds for subsequent access. The tool demonstrates strong capabilities in conducting ANOVA and generating violin plots for both simple and complex datasets, making it valuable for a variety of applications. It also works reliably with datasets from vastly different cultures, including bread wheat, durum wheat, and triticale, sugar beet, cocklebur and lettuce, corn and sunflower, and soybean. However, to maximize its potential, future research should prioritize enhancing its usability and exploring integration possibilities with other tools, thereby strengthening its role in plant phenotyping workflows.

Three-dimensional visualization techniques can be classified into active and passive categories. Active techniques utilize a controlled source of structured energy emission, such as a scanning laser or projected light pattern, in conjunction with a detector, such as a camera, to generate an image. Passive techniques rely on ambient lighting to form an image (Harandi et al., 2023). Point sets can contain noise originating from various sources, whether the point cloud was actively or passively generated. Generated point clouds often suffer from limited sensor accuracy and measurement errors caused by environmental factors. Therefore, it is crucial to promptly identify and eliminate these outliers to prevent their impact on the accuracy of the results. In addition to environmental factors, technical errors caused by human interference can also lead to inaccuracies in generated point clouds. Common errors may also include improperly calibrated equipment, misaligned sensors, or incorrect parameter settings during the data acquisition process. Furthermore, other plausible reasons for errors in point clouds could be occlusions, reflections, and varying surface properties of objects being scanned.

The results demonstrate that our framework is robust and suitable for diagnostics throughout the experiment, requiring no formal statistical knowledge or advanced tool expertise.

We are also exploring ways to make our tool more general and less reliant on TraitFinder. Aside from the naming conventions in the experiment.csv file, we have largely achieved this goal. An alternative to our current approach with data acquisition would be to utilize measurements from deep learning models. Recently, there has been a significant increase in the use of deep learning models for analyzing phenotypic data. This trend has become increasingly important for the advancement of plant phenotyping research, as the available phenotyping platforms can be broadly categorized into two types: previously discussed commercially available solutions that offer, among other features, data processing tools, which are often proprietary; and more affordable options based on RGB or multispectral cameras and LiDARs, typically implemented on self-built platforms for indoor or outdoor use, or on unmanned aerial vehicles (UAVs) (Gano et al., 2021; Gano et al., 2024). In this latter case, the processing tools must be developed independently, and deep learning models represent the most flexible option for this purpose. We plan to use StatFaRmer in tandem with open-source deep learning point cloud processing tools to reduce reliance on proprietary instruments and extract new biological features from existing point clouds. This process could benefit from a “sanity check” through parallel processing with previously explored features.

As previously mentioned, deep learning models represent a versatile option for the open-source analysis of phenotypic data. For example in a recent study, the researchers developed a high-throughput phenotyping method utilizing RGB and infrared time-series data obtained from unmanned aerial vehicles (UAVs) and a multi-modal image segmentation model in order to monitor and quantitatively assess the growth of soybean canopy (Yu et al., 2024). The study found that the RIFSeg-Net, a novel multimodal image segmentation model, outperformed traditional deep learning-based image segmentation networks in accurately extracting canopy cover from unmanned aerial vehicle (UAV) images. The study demonstrates the potential of high-throughput phenotyping to rapidly identify crop germplasm with favorable traits such as high yield, disease resistance, and improved quality. This method can assist breeders in developing novel varieties with increased productivity and resilience, thereby enhancing crop quality and yield simultaneously.

Another study proposes a method for automatically acquiring detailed traits of rice panicles based on time-series images, using the YOLO v5 and ResNet50 models, as well as the DeepSORT algorithm, to analyze the effect of nitrogen on panicle development during the heading and flowering stages (Zhou et al., 2023). The proposed approach achieved high accuracy in counting panicles (R2 = 0.96, root mean square error (RMSE) = 1.73), as well as in estimating the heading date (absolute error of 0.25 days). The study revealed that higher nitrogen application leads to an earlier initiation and longer duration of flowering, and a longer total duration from the beginning of vigorous flowering to the end of the process. This proposed technique provides a novel approach to analysis for agricultural experts, and the impact of nitrogen on rice heading and blooming may assist us in avoiding extreme weather conditions and achieving sustainable and stable food production.

Another research paper explores the use of Terrestrial Laser Scanning (TLS) to study seasonal and circadian rhythms in plants and leaves under standard and cold stress conditions (Jin et al., 2021). The methods used in the research paper involved the collection of LiDAR data along with environmental data such as photosynthetically active radiation (PAR), temperature, and relative humidity throughout the growing season. Seasonal rhythms in structural traits like azimuth and Plant Leaf Area Index (PLA) were consistent between plant and leaf levels, while leaf-level rhythms were more diverse, such as changes in leaf inclination angle. Circadian rhythms of certain traits were found to be opposite under cold stress and standard conditions, with environmental factors showing stronger correlations with leaf trait rhythms under cold stress, especially air temperature. The study highlights the potential of using time-series TLS to study crop chronobiology in outdoor environments, aiding in understanding plant rhythms and survival strategies in response to environmental changes.

Many advanced deep learning data analysis methods under development could greatly benefit from a reliable and transparent validation tool, enabling comprehensive evaluation of outcomes through straightforward, interpretable metrics. Conversely, StatFaRmer would enhance its effectiveness by collaborating with emerging platforms designed for measuring traits critical to breeding. This integration would help alleviate phenotypic measurements as a bottleneck in Genome-Wide Association Studies (GWAS), streamlining the research process and improving the accuracy of trait assessments.

In the realm of time series analysis, a work by (Han et al., 2019) delves into the nuances of exploring data dynamic patterns, notably through the application of fuzzy clustering analysis. The approach of the study, if implemented in the newer versions of StatFaRmer, would allow detecting new phenotypic traits hidden in the temporal profiles.

Moreover, the limitations of traditional ANOVA in time series analysis have motivated researchers to explore more sophisticated approaches (Spyroglou et al., 2021). introduced a novel methodology that integrates generalized linear mixed models with classical time series models, modernizing the analysis of longitudinal datasets in plant sciences.

Furthermore, the landscape of crop-specific point cloud segmentation tools has seen significant advancements, exemplified by the pioneering work (Li et al., 2023). By harnessing these state-of-the-art tools, researchers can now extract valuable traits with unprecedented accuracy, underscoring the urgency of modularizing StatFaRmer for broader accessibility beyond one specific platform.

These articles inspire us by clearly indicating pathways for the future improvement of StatFaRmer.




5 Conclusion

StatFaRmer is an open-source tool created as a Shiny dashboard that is useful for the analysis of time series datasets in CSV format with capabilities of outlier filtration, grouping based on multiple parameters simultaneously, and more advanced statistical methods for assessing the significance of effects. It can be easily copied and used through a web interface by any number of users.

In this series of studies, StatFaRmer has become essential to evaluate the outcomes obtained from digital time-series phenotyping due to its flexibility and a wide range of customizable parameters for analysis. During our work with this tool, we were able to explore a diverse range of plant cultivars and identify the factors that influence the condition of specific plants. For instance, in our latest experiment, we grew plants of various varieties, and because of this tool, it was possible to not only compare the growth patterns between different varieties but also assess the impact of various alleles by grouping the varieties based on these allelic variants.
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This study introduces a fully automated and cost effective approach to quantify ascorbic acid levels in camu-camu (Myrciaria dubia), a tropical super fruit renowned for its exceptionally high vitamin C content. Conventional analytical techniques depend on specialized laboratory equipment, limiting their applicability in field settings and among small-scale producers. To address this issue, we developed an integrated pipeline that combines a real-time Detection Transformer (RT-DETR) for precise fruit detection with a Vision Transformer (ViT) to classify fruits across four ripening stages. Building on these outputs, we designed an image-based estimation model that predicts ascorbic acid concentration using fruit size and ripening stage as key indicators. The RT-DETR achieved excellent detection performance, with a precision of 0.970 and a recall of 0.976, outperforming YOLOv8 (0.946 and 0.913, respectively). Likewise, the ViT classifier reached a precision of 0.970, surpassing VGG16, which achieved 0.946. The proposed estimation model yielded a very low prediction error, confirming its reliability. Overall, this work offers a practical, scalable, and accurate solution for estimating ascorbic acid directly from images, delivering significant benefits to producers and advancing the application of computer vision in the pharmaceutical industry.
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1 Introduction

Camu-camu (Myrciaria dubia) is a tropical super fruit widely valued for its extraordinary ascorbic acid content, reaching up to 2780 mg per 100g of fresh fruit. This exceptionally high vitamin C concentration drives its commercial value, as prices are closely tied to ascorbic acid levels in harvested fruit. For farmers, accurate quantification of this compound is essential, as it directly influences income and market competitiveness. However, current field assessment remains challenging because available techniques rely on laboratory-based physicochemical analyses, which are expensive, time-consuming, and inaccessible for most small-scale producers.

In Peru, the National Institute of Quality (INACAL) established the technical standard NTP-NA 0085:2011 (revised in 2021), which outlines classification criteria and minimum quality requirements for the commercialization of fresh camu-camu (INACAL, 2017). While this standard provides a regulatory framework, it does not eliminate the dependence on laboratory testing, leaving producers without a practical, on-site solution for quality evaluation.

To overcome this limitation, this study proposes an automated approach for estimating ascorbic acid levels directly from images using advanced computer vision techniques. The proposed pipeline integrates a real-time Detection Transformer (RT-DETR) for accurate fruit localization with a Vision Transformer (ViT) to classify fruits into four ripening stages. By leveraging visual attributes specifically size and ripening stage to estimate ascorbic acid concentration, the system delivers accurate predictions without the need for specialized equipment. This method reduces costs, improves assessment efficiency, and makes quality evaluation accessible to producers.

Traditional methods for ascorbic acid measurement, such as iodometric titration and colorimetric assays, typically require specialized laboratory equipment, including high-precision analytical balances, spectrophotometers (e.g., UV-Vis Spectrophotometer), burettes, and colorimeters. These instruments, while precise, are labor-intensive, expensive, and impractical for rapid field analyses. Recent advances in computer vision have enabled automated approaches for ascorbic acid estimation. However, traditional methods remain the gold standard due to their high accuracy, despite being time-consuming and resource-intensive.

The remainder of this article is organized as follows. Section 2 reviews related literature; Section 3 describes the proposed methodology for fruit detection and ripening stage classification; Section 4 presents the experimental results; and Section 5 discusses the conclusions and outlines potential directions for future work.




2 Literature review

Deep learning has been widely explored for classifying fruits based on ripeness and quality. For instance (Al Haque et al., 2021), developed a convolutional neural network (CNN) that achieved 93.4% precision in identifying banana ripeness. Similarly (Li et al., 2021), combined a five-layer CNN with Random Forest and K-Nearest Neighbors (KNN) to classify various fruits including bananas, apples, strawberries, oranges, and mangoes with high accuracy.

In related work (Iqbal and Hakim, 2022), evaluated eight mango varieties using VGG16, ResNet152, and Inception v3, with Inception v3 achieving 99.2% precision. For strawberries (Ni et al., 2021), reported 95.75% accuracy by applying AlexNet with data augmentation techniques on images collected both in laboratory and field conditions. Low-cost solutions have also been proposed for tomatoes (Das et al., 2021): achieved 100% accuracy in classifying ripeness, while (Hsieh et al., 2021) used an RCNN to identify ripe tomatoes with accuracy exceeding 95%.

Although the use of transformers in computer vision remains relatively new, these models have shown remarkable improvements over traditional CNNs, particularly in capturing complex feature relationships. For example (Chen et al., 2022), applied YOLOv5 to detect citrus fruits and ResNet34 to classify ripeness, achieving 95.07% accuracy. Similarly (Qiu et al., 2022), enhanced YOLOv4 with SM-YOLOv4, obtaining an average accuracy of 93.52% for mango ripeness detection. Likewise (Zhang et al., 2022), proposed an improved YOLOv5 incorporating GhostNet and CBAM to detect the ripeness of Hemerocallis citrina Baroni, reaching an accuracy of 84.9%.

In the case of camu-camu, however, research on automated determination of ascorbic acid remains scarce. Most existing studies have focused on laboratory-based assessments of ripeness and vitamin C content. For example (Icumina, 2005), reported that the highest ascorbic acid levels occur at the ripe pinton stage, while (Pablo et al., 2020) used ultrasound to examine how ripening affects bioactive components. Although valuable, these studies do not address automation or the use of machine vision techniques, leaving a clear research gap that our work aims to fill.

Recent advances in computer vision have demonstrated the superior ability of transformer-based architectures, such as RT-DETR and Vision Transformer (ViT), to capture complex spatial relationships and detailed visual features, surpassing traditional CNN-based models like YOLO or Faster R-CNN. These models excel in challenging scenarios, including densely packed and overlapping objects, which are common in Camu-Camu fruit images. Furthermore, advanced image enhancement techniques, such as super-resolution with GANs (Cun et al., 2019), and highlight removal with Attentive GANs (Ledig et al., 2017), have significantly improved the clarity and reliability of image-based analyses. Meta-learning approaches, as described in ()?, offer additional improvements in image resolution and analysis accuracy.

Recent advances in image-based nutrient assessment also warrant attention. Wang et al. (2021) and Zhang et al. (2023) demonstrated the effectiveness of multispectral and hyperspectral imaging for estimating nutrient content through analysis of fruit spectral and dimensional features. These methods provide non-destructive, high through put alternatives to traditional techniques. Similarly, Martinez et al. (2022) explored the use of 3D imaging to evaluate fruit quality attributes, including vitamin C levels, highlighting the potential of combining dimensional and spectral data to enhance prediction accuracy.

Building on these developments, our research introduces the application of transformers for camu-camu detection and classification while also presenting an innovative approach that visually correlates fruit size and ripeness with ascorbic acid levels. This method achieves an average estimation error of only 7% and represents a significant contribution to the use of machine vision in agriculture, improving both accuracy and accessibility for producers.

Furthermore, combining laboratory analyses with computer vision techniques opens the door to a promising hybrid approach. Laboratory methods remain essential for accurately measuring compounds such as ascorbic acid, while vision-based tools allow for rapid, non-invasive, and scalable evaluations directly in the field. Together, these approaches complement each other, offering a practical pathway to improve accuracy, expand applicability, and foster the adoption of these technologies in real agricultural settings.




3 Materials and methods

Figure 1 illustrates the post-harvest image analysis pipeline designed for camu-camu fruits. High-resolution images were captured using an iPhone 13 Pro camera. These images were first processed by the RT-DETR model, which excels at detecting and isolating individual camu-camu fruits in each frame. RT-DETR, built on an enhanced version of the DEtection TRansformer (DETR), employs attention mechanisms to accurately locate and segment fruits within the images. Once detected, the segmented fruits were classified using a Vision Transformer (ViT) model. The ViT leverages transformer-based architectures to recognize complex visual patterns, assigning each fruit to one of four maturity stages as defined by the Peruvian technical standard: Green, Pinton Green, Ripe Pinton, and Ripe. This two-step approach detection followed by classification forms the foundation of our automated pipeline.

[image: Flowchart illustrating a process involving Camu Camu fruit data. It starts with the Camu Camu Database feeding into RT-DETR, then ViT analyses images of the fruit. The fruit is classified as Green, Pinton Green, Ripe Pinton, or Ripe. The ascorbic acid level is determined from the images.]
Figure 1 | Pipeline of the proposed framework.

The reason using RT-DETR and Vision Transformer (ViT) models were specifically chosen due to their superior ability to capture complex spatial relationships and detailed visual features compared to conventional CNN-based methods like YOLO or Faster R-CNN. RT-DETR integrates transformer architectures directly into object detection, improving performance on densely packed and overlapping fruits common in Camu-Camu images. The ViT model provides robust classification through its self- attention mechanisms, excelling in recognizing subtle visual differences linked to varying ripeness stages, surpassing traditional convolution-based models.

To enhance the clarity and precision of Camu-Camu fruit images, we propose leveraging advanced super-resolution techniques. For instance, methods demonstrated by Scientific Reports, such as retinal fundus image super-resolution using generative adversarial networks (GANs), Figure 2.

[image: Two side-by-side images labeled A and B show branches of a tree with clusters of small, round fruits. The fruits are light green and red, surrounded by green leaves. The sky is blue and partly cloudy in the background.]
Figure 2 | Comparison of image resolution and detection. (A) Original image. (B) Super-resolved image using GANs, showing enhanced clarity and detail for Camu-Camu fruits.

High-resolution images of Camu-Camu fruits were first enhanced using Real-ESRGAN, a GAN-based super-resolution algorithm, to improve image clarity. Object detection was performed using RT-DETR, while fruit classification was conducted using a Vision Transformer (ViT) model. To reduce glare and reflections, we applied an Attentive GAN-based highlight removal method prior to analysis.



3.1 Hardware requirements

The experiments were conducted on a workstation equipped with an NVIDIA RTX 5060 GPU (24 GB VRAM), an Intel i9 processor, and 32 GB RAM. in the Figure 3 This configuration allowed real-time fruit detection, classification, and ascorbic acid estimation. The system is scalable to less powerful hardware with longer processing times.

[image: Computer setup including a monitor displaying a purple geometric wallpaper and a desktop tower with visible RGB lighting. A keyboard and mouse are on the desk. A power supply is connected to the computer.]
Figure 3 | Hardware – server.




3.2 Creation of the camu-camu image database

The image database was developed as part of a research project at the University of Ucayali. Fieldwork involved collecting camu-camu fruits at different ripening stages directly from plantations.

Images were captured under controlled conditions with an iPhone 13 Pro (12 MP), producing photographs at 3024 × 3024 pixels. Uniform lighting was ensured using a 5000K white light source, and images were taken between 10:00 AM and 3:00 PM to maximize natural light. Fruits were placed on a neutral-colored background to enhance contrast and simplify detection.

A total of 1592 images were collected, each containing approximately 15 fruits at varying ripeness stages (Green, Pinton Green, Ripe Pinton, and Ripe). The camera was positioned 30 cm above the samples at a fixed angle of 90°, ensuring consistency across all captures. Images were split into training (60%), validation (20%), and test (20%) sets. Figure 4 shows an example of an image from the dataset.

[image: A collection of ripe fruits with smooth skins varying in shades of red, brown, and green, arranged on a plain white background.]
Figure 4 | Example of a camu-camu image from the database.




3.3 Fruit detection using a transformer

Images for detection are captured directly through a dedicated mobile application, which serves as the primary user interface for data acquisition in real-world scenarios. Once an image is taken by the user, it is automatically transmitted to a remote server running a Flask-based backend. All subsequent processing—including fruit detection using RT-DETR, classification, and ascorbic acid estimation—is performed server-side, leveraging the computational power of the cloud infrastructure. This client-server architecture enables real-time analysis and results delivery, ensuring a seamless and scalable workflow suitable for both field and laboratory environments.

RT-DETR combines the strengths of Vision Transformers with a hybrid encoder that efficiently processes multi-scale features by separating intra-scale interactions and merging information across scales. This design enhances both accuracy and real-time detection capabilities while reducing computational costs.

YOLOv8, although a strong baseline, demonstrated lower accuracy in detecting camu-camu. Various model sizes (n, s, m, l, x) were tested, with the medium-sized version providing the best balance between speed and accuracy. Larger versions offered no significant performance gain and were computationally more demanding.

Figure 5 shows detection examples in both controlled and farm environments, illustrating RT-DETR’s robustness across different conditions. Table 1 details the dataset split for detection.

[image: Collection of small fruits on a surface and a single fruit on a tree branch. The fruits are marked with colored boxes labeled "MA," "PM," "VP," and "VF," indicating different classifications or categories. The background has a mix of textures and colors, suggesting outdoor and close-up settings.]
Figure 5 | Detection results under various backgrounds.


Table 1 | Details of the detection dataset.
	Detection dataset



	Set type
	Number of images


	Training
	956 (60%)


	Validation
	318 (20%)


	Test
	318 (20%)







The model was pre trained on COCO (Lin et al., 2015) and used ResNet-50 for feature extraction. Training employed AdamW optimization with an initial learning rate of 2×10−4, weight decay of 0.1, batch size of 16, and 100 epochs. Data augmentation techniques random flips, cropping, and scaling were applied to improve generalization.




3.4 Classification according to maturity stage

For fruit classification, a Vision Transformer (ViT) architecture was implemented to discriminate between the four ripening stages of camu-camu. The dataset was partitioned into training (60%), validation (20%), and test (20%) subsets. Ripeness labels were assigned and cross-validated by four expert farmers with extensive experience in camu-camu production, ensuring compliance with the Peruvian classification standard.

Table 2 presents the detailed distribution of images across the training, validation, and test sets, including the number of samples per ripening stage.


Table 2 | Distribution of images in the classification dataset.
	Classification dataset


	Set type
	Number of images



	Training set
	3827 (60%)


	Green
	723


	Pinton Green
	766


	Ripe Pinton
	715


	Ripe
	1623


	Validation set
	1275 (20%)


	Green
	255


	Pinton Green
	241


	Ripe Pinton
	238


	Ripe
	541


	Test set
	1277 (20%)


	Green
	255


	Pinton Green
	241


	Ripe Pinton
	239


	Ripe
	542







Examples of the four ripening stages green, Pinton Green, Ripe Pinton, and ripe are shown in Figure 6. These samples illustrate the visual differences used as the basis for classification.

[image: Four images of circular fruits labeled as follows: top left, a fully green fruit labeled "GREEN"; top right, a partly red, partly green fruit labeled "PINTON GREEN"; bottom left, a primarily red fruit labeled "RIPE PINTON"; bottom right, a dark purple fruit labeled "RIPE".]
Figure 6 | Representative images of the four ripening stages: Green, Pinton Green, Ripe Pinton, and Ripe.

The ViT model processed images resized to 72 × 72 pixels and divided them into 6 × 6 patches. The architecture consisted of eight transformer blocks, each with four multi-head attention heads, and a final classification layer producing four output classes. Training was performed using the AdamW optimizer (learning rate 0.001, weight decay 0.0001), sparse categorical cross entropy loss, a batch size of 256, and 100 epochs. Checkpointing was applied to retain the best performing model based on validation accuracy.

Data augmentation techniques including resizing, random flips, rotations, zooming, and normalization—were employed to increase dataset variability. These transformations effectively tripled the number of training samples processed per epoch, enhancing the model’s generalization capacity.




3.5 Determination of ascorbic acid levels

Each detected and classified fruit was first normalized by its pixel area (143.79px/cm) and converted to a physical area (cm2). Assuming an average pulp thickness of 8mm and a density of 1g/cm3, that area was converted into pulp volume and then into mass (mpulp). Unripe (green) fruits—reserved for subsequent ripening—were excluded from the final analysis.

For ground-truth measurements, 100 g of camu camu fruits were weighed for each ripening stage, corresponding to approximately 10 fruits per sample. The pulp was carefully separated from the seeds and skin, then diluted with 100 mL of distilled water to obtain homogenized solutions. From each stage, ten independent aliquots were prepared, allowing replicate titrations to calculate the mean concentration and associated experimental error. These solutions were analyzed using the 2,6-dichlorophenolindophenol (DCPIP) titration method following standardized laboratory protocols.

The ascorbic acid concentration (mgAA/g of pulp) obtained via DCPIP titration was multiplied by mpulp to yield the total ascorbate content per fruit. Mean values and standard errors were computed from the ten replicates.

Certified reference analyses were carried out by Natura Analítica S.A.C. (an accredited testing laboratory), yielding ascorbic acid concentrations of 1539.40mgAA/100g (Green), 1790.37mgAA/100g (Turn–Green), 2033.32mgAA/100g (Turn–Ripe), and 2187.50mgAA/100g (Ripe). These certified values were used to validate our automated estimates, as summarized in Table 3.


Table 3 | Comparison between laboratory measurements and system estimates.
	Comparative results



	Pinton Green
	Level (mg/100g)


	System
	1576.42


	Laboratory
	1790.37


	Ripe Pinton
	Level (mg/100g)


	System
	2110.55


	Laboratory
	2033.32


	Ripe
	Level (mg/100g)


	System
	2309.21


	Laboratory
	2187.50











4 Results

The results are presented in two parts, focusing on fruit detection and classification. For each processed image, the system automatically estimates the ascorbic acid content based on the criteria described in the previous section.



4.1 Detection process

We compared the detection performance of RT-DETR, YOLOv8, and YOLOX. Across all tests, RT-DETR consistently achieved superior results. YOLOX, although competitive, performed slightly below RT-DETR in accurately detecting and isolating camu-camu fruits.

The RT-DETR model was fine-tuned from weights pre-trained on the COCO dataset (Lin et al., 2015), which contains over 30,000 images. The primary hyperparameters included a base learning rate of 0.0002, backbone 200 learning rate of 0.00002, weight decay of 0.001, gradient clipping of 0.2, 2500 warm-up steps, and EMA decay of 0.9999.

Figure 7 shows the loss and precision curves during training, where convergence was observed around epoch 900.

[image: Two line graphs show model performance over epochs. The left graph displays "loss class" decreasing sharply from 3.0 to near 0.2, leveling off after 300 epochs. The right graph shows "mAP" increasing steeply, reaching about 0.9, and stabilizing by 300 epochs. Both x-axes range from 0 to 2100 epochs.]
Figure 7 | Training curves for loss and precision in the detection stage.

Table 4 summarizes the detection performance. RT-DETR achieved a precision of 0.970 and a recall of 0.976, outperforming YOLOv8 (0.946 and 0.913, respectively) and YOLOX (0.924 and 0.942). These results demonstrate RT-DETR’s superior ability to detect camu-camu fruits across various conditions.


Table 4 | Detection performance and inference speed for different models (measured on NVIDIA RTX 5080, batch size = 128).
	Detection results



	Model
	Precision
	Recall
	mAP@50-95
	F1-score
	Speed (ms/img)


	RT-DETR
	0.970
	0.976
	0.973
	0.931
	20


	YOLOv8
	0.946
	0.913
	0.929
	0.912
	13


	YOLOX
	0.924
	0.942
	0.933
	0.893
	15







Although processing speed was not the main focus of this study, RT-DETR achieved 0.41 FLOPs, confirming its efficiency in terms of computational resources.




4.2 Classification process

For classification, the detected fruit images were processed using the ViT model. Hyperparameters included a learning rate of 0.002, weight decay of 0.0002, batch size of 128, 16 transformer layers, and an MLP head with 2048 and 4 units.

Figure 8 shows the loss and accuracy curves, indicating convergence after approximately 20 epochs. Figure 9 presents the confusion matrices comparing the ViT and VGG16 models. Although VGG16 achieved solid results, ViT consistently outperformed it.

[image: Two line graphs show model performance over 100 epochs. The left graph displays training and validation loss decreasing, stabilizing around 0.5. The right graph shows accuracy rising sharply, stabilizing near 0.9.]
Figure 8 | Training and validation curves classification.

[image: Two side-by-side confusion matrices compare ViT and CNN models. Both matrices categorize predictions as "maduro," "pinton maduro," "verde," and "verde pinton". ViT shows high accuracy for "maduro" with 539 correct. CNN also shows high "maduro" accuracy with 522 correct, but slightly more errors in other categories. Color gradients indicate value intensity from white (low) to dark blue (high).]
Figure 9 | Confusion matrices for ViT and VGG16.

Table 5 shows the classification results. ViT achieved a precision of 0.970, surpassing VGG16, which reached 0.946. These results confirm the advantage of transformer-based architectures over traditional CNNs for this task.


Table 5 | Classification performance by ripeness stage for ViT and VGG16 models.
	Classification results



	Model
	Accuracy
	Precision
	Recall
	F1-score


	ViT
	0.970
	0.972
	0.971
	0.971


	VGG16
	0.946
	0.950
	0.945
	0.947










4.3 Manual depulping calibration

To establish the relationship between fruit surface area and pulp yield, a manual depulping procedure was performed on 100 samples, each consisting of approximately 10 camu camu fruits, covering all ripening stages. Unlike approaches that rely on predefined estimation models, this study directly measured the pulp content for each 100 g batch, following standardized laboratory practices previously described in the literature review.

For each sample, the projected fruit area was recorded, and the pulp was manually separated and weighed. This manual calibration approach enabled the derivation of an empirical relationship between the measured area and the corresponding pulp yield, avoiding reliance on computational estimation models (Table 6).


Table 6 | Pulp yield results from manual depulping across area ranges and ripening stages.
	Result pulp content



	Stage
	Pulp (g)
	Weight (g)
	Area (cm2)


	Ripe
	12.30
	100
	more than 8


	Ripe
	8.15
	100
	between 5 and 8


	Ripe
	6.10
	100
	less than 5


	Pinton Ripe
	14.12
	100
	more than 8


	Pinton Ripe
	9.18
	100
	between 5 and 8


	Pinton Ripe
	7.20
	100
	less than 5


	Pinton Green
	10.21
	100
	more than 8


	Pinton Green
	7.33
	100
	between 5 and 8


	Pinton Green
	5.26
	100
	less than 5







From these measurements, an average pulp yield was computed for each area class:

P=0.084 A2−0.252 A+6.292+0.63 M



where:

	P is the estimated pulp content (g).

	A is the projected fruit area (cm2).

	M is the maturity factor (0, 1, or 2).



This calibration forms the cornerstone of the estimation pipeline, ensuring that the model accurately reflects the real-world biological relationship between fruit area, ripening stage, and pulp yield. Figure 10 illustrates the integration of this calibration into the detection and estimation workflow.

[image: Graph titled "Quadratic Unified Model for Pulp Content by Ripening Stage" showing pulp mass against projected area. Three quadratic lines represent stages: Pinton Green (yellow, dashed), Pinton Ripe (orange, dotted), and Ripe (red, solid). Yellow crosses indicate experimental data points.]
Figure 10 | Unified quadratic model.




4.4 Final ascorbic acid estimation

The final stage of the pipeline integrates detection and classification to estimate ascorbic acid content for each fruit in the image. Figure 11 illustrates this process, where fruits are labeled by ripeness stage: Ripe, Ripe Pinton, Pinton Green, and Green. The system estimates total ascorbic acid by combining detected fruit area, estimated pulp mass, and ripeness-specific vitamin C levels.

[image: Close-up of tree branches with green and red apples under a blue sky. The right image has boxes highlighting the apples, labeled "VE" and "MA," against the backdrop of leaves and blurred trees.]
Figure 11 | Example of detection, classification, and ascorbic acid estimation in field images.

For each fruit, the system outputs measurements such as physical size, ripeness stage, and estimated pulp volume. Ascorbic acid content (R2
) is estimated by relating laboratory values (R1
) and reference mass (b1
) to the mass calculated for each fruit (b2
), using:

R2=R1×b2
b1





where:

	R2 is the ascorbic acid content estimated by the proposed system (mg/100 g).

	R1 is the ascorbic acid concentration determined through laboratory titration (mg/100 g).

	b1 is the mass of the reference sample processed in the laboratory (g).

	b2 is the mass of the fruit calculated by the proposed system (g).



This proportional approach enables automated quantification of ascorbic acid without exhaustive laboratory analysis, maintaining accuracy while increasing throughput. A reference area interval of 2.5 cm2 was established experimentally from ten laboratory trials, providing a baseline for pulp yield estimation.

Unlike traditional methods, this system allows rapid field analysis via a mobile app that sends images to a Flask server for automated processing and reporting (Figure 12).

[image: Summary of analysis showing total area as 8.70060098082302 square centimeters, total acid as 31.29043679928907 milligrams per 100 grams, with five fruits detected. Fruit number one is small, with an area of 1.98 square centimeters and volume of 0.4 milliliters. Status is marked as VE.]
Figure 12 | Server response to mobile app: automated fruit analysis and ascorbic acid estimation.

The system summarizes results per image, reporting total fruit area, ascorbic acid content, and fruit count, as well as per-fruit size, area, estimated pulp, and ripeness. This enables precise, real-time quality assessment for producers, and supports future machine learning integration show result in Table 3.




4.5 Limitations and future work

While the proposed system demonstrates high precision for camu-camu, further research is required to validate its transferability to other crops and to improve pulp volume estimation. Future integration of additional sensors (such as NIR or hyperspectral imaging) and advanced artificial intelligence models is expected to enhance the accuracy of biochemical quantification and pulp yield estimation.



4.5.1 Impact of camera distance

A key limiting factor in the accuracy of the system is the camera-to-fruit distance during image capture. Since the estimation of real-world area and subsequent ascorbic acid content relies on a fixed pixel-to-centimeter conversion, any deviation from the recommended 30-cm distance introduces proportional scaling errors. Field tests confirmed that even small changes in distance can result in noticeable errors in area estimation, which directly impact pulp volume and vitamin C quantification.

To minimize this source of error, all images in this study were acquired at a controlled distance using a reference guide. Future work will address automated distance calibration or depth sensing to improve flexibility and robustness under diverse field conditions.






5 Discussion

To assess the final precision of the system, Table 3 compares the levels of ascorbic acid measured in the laboratory with those estimated by our proposed method.

The Mean Absolute Percentage Error (MAPE) Equation (1) was calculated to quantify the difference between the system predictions and laboratory results:

MAPE
=1n
∑i=1
n
|yi−y^i
yi


|
×100,

(1)

where yi
 are the results by laboratory values, y^i
 are the predicted values, and n is the total number of observations. Since green fruits are not used in practical commercialization, they were excluded from the error analysis. Table 7 summarizes the MAPE values for the remaining ripeness stages. The errors were slightly higher for the Pinton Green stage due to its color variability, while lower errors were achieved for Ripe and Ripe Pinton stages, making the system highly suitable for practical applications.


Table 7 | MAPE values for different ripeness stages.
	Comparative errors



	Ripeness stage
	MAPE


	Pinton Green
	11.95%


	Ripe Pinton
	3.8%


	Ripe
	5.56%


	MAPE
	7.1%





The bold values indicate the MAPE (Mean Absolute Percentage Error) calculated according to Equation (1).



The average estimation error (mean MAPE) across all evaluated ripeness stages was 7.1%, confirming the accuracy and practical viability of the proposed approach for ascorbic acid quantification. Figure 13 illustrates the strong correlation between measured and predicted values (R2 = 0.93), further validating the system’s predictive reliability.

[image: Line graph comparing system and laboratory measurements of ascorbic acid across ripeness stages. The y-axis shows ascorbic acid in milligrams per 100 grams, ranging from 1600 to 2300. The x-axis represents ripeness stages: Pinton Green, Ripe Pinton, and Ripe. System measurements are indicated by blue dots and lines, while laboratory measurements are shown with red crosses and lines. Both system and laboratory readings increase with ripeness, with the system measurements consistently higher.]
Figure 13 | Scatter plot of laboratory vs. predicted ascorbic acid values across ripening stages. The regression line indicates strong correlation (R2 = 0.93).

Error Analysis and Sources of Uncertainty: Several factors may explain the observed error. Variations in lighting during image capture, minor inconsistencies in fruit segmentation, and natural variability in fruit morphology not fully captured by the regression model all contribute to uncertainty. Experimental variability in laboratory titration and occasional mislabeling of ripening stages may also have affected accuracy.

The exclusion of green-stage fruits from error analysis follows commercial practices, since these fruits are not typically harvested or traded due to low pulp content. Nevertheless, the system is technically capable of processing green samples, which could be relevant in physiological studies or breeding programs. Future datasets may incorporate these stages to broaden applicability beyond commercial contexts.

Compared to prior works applying CNNs or hyperspectral imaging for nutrient estimation in fruits—where typical errors range from 8–12% (Wang et al., 2021; Zhang et al., 2023)—our approach achieves a lower mean error (7.1%) using only RGB imaging. This highlights the effectiveness of combining transformer-based architectures with regression calibration for vitamin C estimation, while relying on simpler, cost-effective imaging setups.

Inference Speed: To support the claim of real-time processing, we measured the inference speed of both detection models on an NVIDIA RTX 5080 GPU (batch size = 128). RT-DETR achieved an average inference time of 20 ms per image, while YOLOv8 and YOLOX processed images in 13 ms on average. Although YOLOv8 exhibited slightly faster processing speed, RT-DETR delivered superior detection accuracy and recall, which justifies its integration into our pipeline. Both models are suitable for near-real-time field deployment.

Field Validation and Practical Relevance: Our approach demonstrated robust performance not only under controlled conditions but also in field environments. Figure 14 illustrates the system’s application during real harvest conditions, where images were captured using a mobile phone and uploaded to a server for processing. The method remained effective as long as the camera-to-fruit distance was maintained at 30 cm. This reliance on mobile phones—technology already familiar to most farmers—positions the system as a scalable tool for smallholder agriculture, where access to laboratory facilities is limited but smartphone penetration is high.

[image: Analysis results interface displaying an image of fruits with overlayed analysis data. Text shows total area as 8.70060098082302 square centimeters, total acidity as 31.29043679928907 milligrams per 100 grams, and five detected fruits. Details for "Fruto #1" include small size, 1.98 square centimeters area, 0.4 milliliter volume. The status for "Fruto #1" and "Fruto #2" is "VE."]
Figure 14 | Field implementation of the automated ascorbic acid detection system.

On Model Generalization and Distance Constraints: To ensure practicality and ease of use, we avoided training separate models for different camera distances or devices. Instead, we standardized acquisition with a fixed 30 cm distance, maintained through a simple physical reference. This ensures consistent scale conversion and avoids the need for additional calibration or specialized hardware. While training separate models for variable distances could increase flexibility, it would also add complexity and limit accessibility for non-specialists. As future work, we propose integrating automated distance estimation using visual markers, depth cameras, or machine learning, enabling greater robustness without requiring multiple models.

Original Contribution: To our knowledge, this is the first study to apply transformer-based models to estimate ascorbic acid levels in camu-camu directly from RGB images. By bridging the gap between laboratory precision and field-ready automation, our work contributes a novel, accessible, and cost-effective approach to precision agriculture, with potential for large-scale adoption in fruit quality assessment.




6 Conclusions

This study introduces an automated approach to measure ascorbic acid levels in camu-camu fruits using computer vision. By combining high-resolution imaging with advanced models—RT-DETR for detection and Vision Transformer (ViT) for classification—our method provides a practical alternative to laboratory based techniques.

The RT-DETR achieved superior detection performance (precision 0.970, recall 0.976) compared to YOLOv8 (precision 0.946, recall 0.913). Likewise, ViT accurately classified fruits into ripening stages with an accuracy of 0.970, outperforming VGG16 (accuracy 0.946). This confirms the strength of transformer based architectures for agricultural applications.

The proposed system achieved an overall MAPE of 7.1%, demonstrating reliable accuracy for estimating ascorbic acid levels from fruit images. The exclusion of green-stage fruits—due to their minimal pulp content—ensures the estimates are consistent with commercial practices. The creation of a curated image database and the integration of cutting-edge machine learning models represent significant contributions to precision agriculture.

Despite the strong performance, variations in lighting, fruit orientation, or image quality might affect the model’s consistency. Future work could include adaptive lighting normalization methods, expanded training datasets, and exploration of real-time super-resolution techniques to enhance image clarity and analysis precision further.

In conclusion, this method offers an accessible, cost-effective, and scalable solution for assessing camu-camu quality. Beyond its immediate application, it has the potential to transform quality control practices in the fruit industry, bridging the gap between laboratory analysis and field-ready tools. Future work will focus on embedding the system into mobile platforms to further enhance usability and reach.
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(a) Classification results of proposed Bottleneck Residual with Self-Attention (BRwSA) architecture

Classifiers TPR (%) PPV (%) F1 Score (%) FPR AUC ACC (%) Time (Sec)
N’ 9375 93.75 93.75 0.0208 09767 938 34.048
MN? 93.85 93.85 93.85 0.0204 0.9888 938 21118
SWN? 94.2 94.17 94.18 0.0193 099175 94.2 24.745
BiN? 93.75 93.75 93.75 0.0208 09675 938 37.666
TiN® 937 93.675 93.687 0.02097 09755 937 44.681

(b) Classification results of proposed Inverted Bottleneck Residual with Self-Attention (IBRwWSA) architecture

N’ 91.90 91.85 91.8749 0.02699 0.9615 919 48.148
MN? 92.05 92.025 92.0374 0.0265 0.983 92.0 40.226
SWN* 92.55 92.55 92.55 0.0248 0.98515 92.5 55.245
BiN? 91.6 91.6 91.6 0.0279 0.9678 91.6 54.529
TiN? 91.35 91.35 91.35 0.02883 0.9607 91.3 66.428

(c) Classification results of fused features

N? 94 94 94 0.01995 0.9809 94 56.359
MN? 94.1 94.1 94.1 0.01966 0.9909 94.1 51.867
SWN?* 94.55 94.55 94.55 0.01813 0.9926 94.5 57.711
BiN? 93.8 93.8 938 0.02065 0.9798 93.8 44.631
TiN? 94.25 94.25 9425 0.01914 0.97735 94.2 53.681

(d) Classification results of proposed optimization algorithm

N? 94.175 94.25 94212 0.0194825 09754 942 21.401
MN? 94.55 94.55 94.55 0.018125 0.99177 94.5 17.503
SWN? 94.75 94.75 94.755 0.01748 0.9928 94.8 16.859
BiN’ 93.9 94.05 93.974 0.0198 0.9803 94.0 13.208
TiN? 93.85 93.85 93.85 0.02048 0.97765 93.8 17.917

Bold denotes the best accuracy values.
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Classification results of proposed Bottleneck Residual with Self-Attention (BRwWSA) architecture

Classifiers TPR PPV F1 Score FPR AUC ACC
N’ 82.64 8258 82.6099 0.0434 090642 826 96.49
MN? 85.62 85.66 85.639 0.03585 094302 857 15.501
SWN? 86.28 86.2 86.239 0.0343 0.95402 86.3 47.699
BiN? 83.72 83.6 83.6599 0.0407 091952 837 80.36
TiN? 81.36 81.26 81.309 0.0566 091064 8147 613

(b) Classification results of proposed Inverted Bottleneck Residual with Self-Attention (IBRwWSA) architecture

N’ 84.02 84 84.01 0.0399 0.92196 84.0 241.93
MN? 85.58 85.6 85.899 0.03605 0.9617 85.6 60.799
SWN* 87.52 87.5 87.51 0.0312 0.97054 87.5 105.96
BiN? 84.24 84.26 84.25 0.0394 0.9299 84.2 196.58
TiN? 8338 8332 83.349 0.04155 0.9249 834 203.98

(c) Classification results of fused features

N? 84.08 83.98 84.02 0.0398 0.92166 84.1 157.99
MN? 86.4 86.4 86.4 0.034002 0.9657 86.4 72.057
SWN?* 87.96 87.98 87.97 0.0301 0.9726 88.0 125.2
BiN? 83.34 83.26 83.299 0.04165 0.91624 83.3 248.66
TiN? 83.76 83.7 8373 0.0406 0.92694 83.8 293.38

(d) Classification results of proposed feature selection algorithm for Cucumber dataset

N? 90.74 90.7 90.72 0.02315 0.96058 90.7 5391
MN? 93.02 93.02 93.02 0.01745 0.97874 93.0 31.962
SWN?* 94.92 94.92 94.92 0.0127 0.98672 94.9 37.925
BiN? 90.94 90.9 90.92 0.02265 0.9587 90.9 7479
TiN? 90.84 90.78 90.80 0.0229 0.9621 90.8 105.84

Bold denotes the best accuracy values.
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Class name

Apple Dataset

No. of Images

After Augmentation

Apple_Healthy 1645 1000
Apple_Cedar Rust 275 1000
Apple_Black Rot 621 1000
Apple_Scab 630 1000
Cucumber Dataset
Class Name No. of Images After Augmentation
Angular_Leaf_Spot 64 1000
Anthracnose 93 1000
Blight 66 1000
Downy_Mildew 97 1000
Powdery_Mildew 87 1000
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Grid Search 0.423 0.256 1.029 0.805 0.121 0.079
PSO 0.420 0.254 1.016 0.784 0.113 0.160
SSA 0.394 0.243 0.973 0.782 0.114 0.162

MOPSO 0.403 0.249 0.994 0.803 0.120 0.079
SMPSO 0.393 0.243 0.973 0.801 0.116 0.077

The bold represent superior performance.
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1 0457 | 0298 1.182 0.803 0.142 0.090
2 0418 | 0248 | 0.985 0.805 0.125 0.082
3 0393 | 0243 | 0.973 0.801 0.116 0.077
4 0397 | 0247 | 0977 0.800 0.120 0.080
5 0420 | 0251 1.004 0.801 0.118 0.077
6 , 0.425 ' 0.257 1.036 0.808 0.125 0.082
7 0411 , 0253 1.017 0.806 0.133 0.086

The bold represent superior performance.
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ARIMA 0622 0503 2176 / / / 2267
LSTM 0479 0379 1581 / / / 28.38
GRU 0539 0464 1938 / / / 29.30
LSTM-Attention 0468 0316 1295 / / / 5138
TFT 0461 0270 V 1077 / / / 7235
Informer 0510 0325 1271 / / | / 18058
N-HiTS 0445 0270 1.076 / / / 3376
DeepAR 0562 0357 1422 0724 0.141 0228 28.97
QRNN 0538 0272 1.068 0751 0.105 0153 3871
N-HiTS-E / / / 0782 0.105 0.121 2436
N-HiTS-B / / / 0786 0.108 0.120 24.86
N-HiTS-Q 0497 0285 1.146 0775 0113 0.163 25.71
N-HiTS-G 0420 0254 1016 0.802 0115 0.077 2217
SP-N-HiT$-G 0.393 0.243 0.973 0.801 0.116 0.077 21.72

The bold represent superior performance.
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ARIMA 0478 0401 1789 / / / 20.34
LSTM 0409 0274 1.107 / / / 2435
GRU 0363 0277 1150 / / / 2378
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N-HiTS 0247 0.151 0.608 / / / 2391
DeepAR 0291 0.180 0720 0.700 0.069 0.105 3228
QRNN 0292 0.190 0.764 0754 0075 0112 37.83
N-HiTS-E / / / 0784 0.087 0069 24.02
N-HiTS-B / / / 0783 0087 0070 24.08
N-HiTS-Q 0277 0.157 0629 0737 0.069 0.103 2285
N-HiTS-G 0241 0.137 0.541 0.853 0082 0057 20.99
SP-N-HiT$-G 0.237 0.136 0.541 0815 0077 0.053 18.95

The bold represent superior performance.
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ARIMA 0204 0.136 0504 / / / 19.12
LSTM 0.189 0.122 0488 / / / 2334
GRU 0.191 0.122 0488 / / / 2245
LSTM-Attention 0.149 0.103 0415 / / / 44.26
TET 0.086 0057 0230 / / / 62.32
Informer 0.085 0.056 0.229 / / / 168.00
N-HiTS 0.160 0.090 0361 / / / 20.62
DeepAR 0.092 0.064 0262 0812 0053 0031 32,97
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N-HiTS-Q 0.092 0064 0264 0812 0037 0025 20.92
NHTSG 0.089 0061 0252 0813 0033 | 0023 2243
SP-N-HiT$S-G 0.087 0057 0231 0.823 0033 0.019 17.12

The bold represent superior performance.
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Environmental

factors (previous LightGBM XGBoost CatBoost

time period)
Soil temperature 0.256 0.868 0.670
Air temperature 0.147 0.085 0.229
Air humidity 0.147 ‘ 0.024 0.029
Soil moisture 0.127 0.015 0.028
Light 0.127 0.004 0.020
Soil conductivity 0.125 0.001 0.124
Carbon dioxide 0.069 3*10-4 0.009
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n_blocks Number of blocks for each stack [1-5]
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el s Structure of hidden layers for eac (100-500]
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1: Input: Plant Village dataset with images of leaves

2: Output: Classification results (Healthy or
Bacterial)

3:Step 1: Preprocessing

Load the Plant Village dataset

5 Resize images to uniform dimensions

6:  Normalize pixel values to range [0, 1]

7: Step 2: LBP Feature Extraction

8: For each inage in the dataset

9:  Compute Local Binary Patterns (LBP) features
10: Construct LBP histogram

11: Store L8P features

12: Step 3: Fuzzy CNN Model Construction

13:  Initialize the ANFIS Fuzzy CNN architecture
14: For each layer in the CNN:

15:  Add a convolutional layer with Fuzzy logic
activation

16:  Add pooling layer
17:  Adda fully connected layer

18: Step 4: Training the Model

19: Split dataset into training and validation sets
20: For each epoch:

21 Perforn forward propagation

22:  Calculate loss using fuzzy membership functions
23:  Update model parameters using backpropagation
24: Step 5: Model Evaluation

25: Test the model on the validation set

26: Compute performance metrics: accuracy,
precision, recall, F1-score

27: Step 6: Classification

28:  For each test inage:

29 Extract LBP features

30:  Predict class using the trained ANFIS Fuzzy NN

31:  Output classification result (Healthy
or Bacterial)
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Genomic

Pedigree

EO 0.34 0.05 0.10 0.60 0.16 0.11 0.56 0.14 0.11 0.25 0.03 0.10 0.48
TH 037 245 4.11 0.51 4.65 4.52 0.41 3.28 4.71 0.26 1.28 3.71 0.06
DBH 038 5.17 8.26 0.71 2224 9.17 0.49 9.00 931 0.25 287 8.51 0.06
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sC 041 0.01 0.02 0.43 0.02 0.02 0.46 0.02 0.02 0.29 0.01 0.02 0.05

BRR, Bayesian Ridge Regression; 07, genomic variance component; 07, residual variance component; EO, oil yield; TH, tree height; DBH, diameter at breast height, SC, slenderness coefficient;
VOL, stem volume; BQ, branching quality; ST, stem straightness.
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128 1x1 convolutions with
stride [1 1] and padding
'same’

29x29x256
x1

29x29x128
x1

68

conv_29

64 1x1 convolutions with
stride [1 1] and padding
'same’

§7x57x64x
1

108

(=)
=]

<

< R

groupedconv_8
channel-wise 1 3x3
convolutions with stride [1
1] and padding 'same’

relu_9
"
7 batchnorm_7

Batch normalization

conv_13

64 1x1 convolutions with
stride [1 1] and padding
'same’

groupedconv_9
channel-wise 1 3x3
convolutions with stride [1
1] and padding 'same’

relu_30
ReLU

57x57x128
x1

57x57x128

el
—

57x57x128

57x57x64x

57x57x128
x1

57x57x128
x1

..N
[

groupedconv_13
channel-wise 1 3x3
convolutions with stride [1
1] and padding 'same'

ReLU

batchnorm_15
Batch normalization

29x29x256
x1

29x29x256
x1

29x29x256
x1

conv_26

128 1x1 convolutions with
stride [1 1] and padding
'same’

29x29x128
x1

groupedconv_14
channel-wise 1 3x3
convolutions with stride [1
1] and padding 'same’

29x29x256
x1

113

batchnorm_27
Batch normalization

57x57x128
x1

77

conv_44

64 1x1 convolutions with
stride [1 1] and padding
'same’

addition_1
Element-wise addition

57x57x64x
1

57x57x64x
1

78

conv_14

128 3x3 convolutions with
stride [2 2] and padding
'same’

29x29x128
x1

relu_28
ReLU

batchnorm_25
Batch normalization

conv_41

128 1x1 convolutions with
stride [1 1] and padding
'same’

addition_2

Element-wise addition of 6
inputs

conv_48

256 3x3 convolutions with
stride [2 2] and padding
'same’

relu_10_1

ReLU

29x29x256
x1

29x29x256
x1

29x29x128
x1

29x29x128
x1

15x15x256
x1

15x15x256
x1

79

80

relu_10
ReLU

conv_15

256 1x1 convolutins with
stride [1 1] and padding
'same’

29x29x128
x1

29x29x256
x1

81

conv_16
256 1x1 convolutions with
stride [1 1] and padding

'same’

29x29x256
x1

120

121

conv_15_1

512 1x1 convolutions with
stride [1 1] and padding
'same’

conv_16_1

512 1x1 convolutions with
stride [1 1] and padding
'same’

ReLU

relu_12_1
ReLU

15x15x512
x1

15x15x512
x1

15x15x512
x1

15x15x512
x1

S.No | Name Activation
122 batchnorm_8 1 15x15x512
Batch normalization x1

o
N
(4]

124

125

126

batchnorm 9_1
Batch normalization

conv 21 1
512 1x1 convolutions with

stride [1 1] and padding
'same’

relu_15_1

ReLU
batchnorm_12 1
Batch normalization

conv 24 1

15x15x512
x1

15x15x512

15x15x512

127 512 1x1 convolutions with | 15x15x512
stride [1 1] and padding x1
'same’
15x15x512
128 Re! x1
129 batchnorm_14 1 15x15x512
Batch normalization x1
conv_39 1
130 512 1x1 convolutions with | 15x15x512

132

stride [1 1] and padding
'same’

131 relu_27_1 15x15x512
31 I ReLU x1
batchnorm_24 1
Batch normalization

groupedconv_15

channel-wise 1 3x3

x1

15x15x512
x1

15x15x512

133 conlutions with stride [1 1] | x1
and padding 'same'
relu_13_1 15x15x512
134 | ReLU x1
135 batchnorm_10_1 15x15x512
Batch normalization x1
conv_19 1
136 256 1x1 convolutions with | 15x15x256
stride [1 1] and padding x1
'same’
groupedconv_16
137 channel-wise 1 3x3 15x15x512
conlutions with stride [1 1] | x1
and padding 'same'
relu_14_1 15x15x512

139 batchnorm_11_1 15x15x512
Batch normalization x1
conv 20 1

140 256 1x1 convolutions with | 15x15x256
stride [1 1] and padding x1
'same’
groupedconv_17

141 channel-wise 1 3x3 15x15x512
conlutions with stride [1 1] | x1
and padding 'same'
relu_16_1 15x15x512

142 ReLU x1

143 batchnorm_13_1 15x15x512
Batch normalization x1
conv 23 1

144 256 1x1 convolutions with | 15x15x256
stride [1 1] and padding x1
'same’
groupedconv_18

145 channel-wise 1 3x3 15x15x512
conlutions with stride [1 1] | x1
and padding 'same'

15x15x512
146 Re x1

147

148

149

o
n
=]

152

153

batchnorm_15_1
Batch normalization
256 1x1 convolutions with

stride [1 1] and padding
'same’

groupedconv_19
channel-wise 1 3x3
conlutions with stride [1 1]
and padding 'same'

relu_28 1
ReLU

conv_41_1

256 1x1 convolutions with
stride [1 1] and padding
'same’

addition_2_1
Element-wise addition of 6
inputs

1

151 batchnorm_25_1 15x15x512
Batch normalization x1
1

conv_48_1
512 3x3 convolutions with
stride [2 2] and padding

o
N
n

'same’

relu_33
ReLU

15x15x512
x1

15x15x256
x1

15x15x512
1

X
15x15x512
X

15x15x256
b

15x15x256
x1

8x8x512x1

8x8x512x1

o
N
(=)

157

158

batchnorm_30
Batch normalization

gapool
2-D global average pooling

flatten
Flatten

8x8x512x1

1x1x512x1

159

selfattention

Self attention layer with
512 output channel, 4
heads, 256 key and query

channels, and 256 value
channels

160

NewFc
5 fully connected layer

161

NewSoftmax
softmax
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S.No | Name

imageinput
224x224x3 images

cany

Activations

2 32 3x3x3 convolutions with | 112x112x32x
stride [2 2] and padding 1
‘same’

3 relu 112x112x32x

~ Rel .U/ I
conv_1

4 04 1x1x32 convolutions 112x112x064x
with stride |1 1] and 1
padding ‘same’
cony 2

i 64 Ix1x32 convalutions 112x112x64x

> | with stride |1 1] and 1
padding "same’

6 relu_1 112x112x64x

' |ReLU 1
- |velu_2 112x112x64x
" |ReLU 1

batchnorm ’

8 | Batch normalization with : LU b ol
04 channels
batchnorm_I ) o

9 | Batch normalization with :lhl 12x64x
64 channely
cony_3

" 128 3x3x64 convolutions 112x112x128
with stride |1 1] and xl
padding ‘same’
cony 4

n 128 Ix3264 convolutions T12x112x128
with stride |1 1] and xl
padding "samc’

112x112x128

12 i

112x112x128

13 xl
batchnorm 2

L 2¢112x

14 [ Batch normalizition with 1}'“ 12x128
128 channcls
batchnorm_3 ’ :

15 | Batch normalization with ], ihl 12x128
128 channcls X
conv_3 2119+

16 32 1x1x128 convolutions }l-sll-xJZx
with stride |1 1] and
padding "same'
tomy_6 11250123325

17 32 Ia1x 128 convolutions | &
with stride [1 1] and
padding "same’
conv_33

18 04 1x1x32 convolutions 112x112x064x
with stride |1 1] and I
padding "same’

19 relu_23 112x112x64x
Rel.l 1
batchnorm_20 211 uld

20 | Batch normalization with :1"\11"\6“
64 channels
conyv_34

3 128 3x3v64 convolutions T12x112x128

=" | with stride [1 1] and xl
padding "same’

22 relu 24 112x112x128

™ Rel U xl
batchnorm_21 ; 1%

23 | Batch normalization with '_12“ 12x128
128 channgls s
cony_358

24 32 1x1x128 convolutions 112x112x32x
with stride |1 1] and I
padding "same’
cony_36

)5 64 1x1x32 convolutions 112x112x64x

= [ with stride |1 1] and 1
padding "same’

2 relu 25 112x112x064x
Rel.U I
batchnorm_22 : 5

27 | Bateh normalization with :Ihl Loai
64 channcly
cony_37

28 128 3x3x64 convolutions 112x112x128
with stride |1 1] and xl
padding ‘same’

39 relu_26 112x112x128
ReLU xl
batchnorm 23 y ‘

30 | Batch normalization with 32*112*128
128 channels ’
cony_38

31 32 1x1x128 convelutions :Iz"l eddy
with stride [1 1] and
padding "same’
cony_45

2 64 1x1x32 convolutions 112x112x64x
with stride |1 1] and I
padding "same’

33 relu_31 112x112x64x
ReLU 1
batchnorm_28 Y

34 | Batch normalization with :1"\11"\641
04 channels
cony_46

35 128 3x3164 convolutions 112x112x128

= [ with stride [1 1] and xl
padding "same’

6 relu_32 112x112x128
Rel .U xl
bhatchnorm_29 . 19

37 | Batch normalization with l, ihl 12x128
128 channgls &
conv_47

18 32 1x1x128 convolutions 112x112x32x

with stride |1 1] and
padding "same’

S.No | Name Activations S, No | Name

addition -
39 | Element-wise addition of' 6 1121112.\3-.\ ™
inputs !

conv_7

64 3x3x32 convolutiony
with stride |2 2| and
padding 'same’

addition_1

Flement-wise addition of 6
inputs

cony_14
128 3x3x64 convolutiony
with stride |2 2] and

40 56x56x64x1

8

el s L padding "same’
- ReLU o, relu 10
conv_8 ‘ Rel.L
128 1x1x64 convolutions g
42 |5 S6x561 12811 cony_15
with ,“"'"uk_ 1n _"l and g0 | 236 1xIX128 convolutions
padding 'same with stride [1 1] and

padding "same’

conv_9
128 1x1x64 convolutions .

43 |35 56x56x128x1 conv_16
with {“‘"f‘h‘ [ |'| and 51 256 1x1x128 convolutions
padding 'samu with stride |1 1] and
N padding 'same’
5% 82 AT

ey 56x563128x1 Rrll
Rel.l) relu_I2
batchnorm_4 83 | Rell

46 | Batch normalization with | 56xS6x128x1

batchnorm_8
128 channels Batch normalization with

84
hatchnorm_5 256 channels
47 | Batch normalization with | 56x56x128x1 batchnorm 9
128 channels 85 | Batch normalization with

256 channcls

conv_10

256 3+3x128 canvalutions
with stride [1 1| and
puadding "samu!

conv_I1
2356 3x3x128 convelutions S6x56x256x1

S6x561256x1 comy_I7 .
512 3x3x256 convolutions

with stride |1 1] and
padding "same’

cony_18

with stride [11] and 512 3x3x256 convolutions

padding ‘same' with stride |1 1] and

a8
49
padding 'same’
S0 "'fe';' jf S6xS6x256x1
52
53

1=
-~

relu 9 Rel L
- ReLU 89 relu_14
batchnorm 6 ReLU
Ratch nornmlimtion with | 56x56x256x1 batchnorm 10
256 channels Butch normalization with
butchnorm_7 512 channels
5 Batch normalization with | S6xS6x256x1

El)]

batchnorm_11
256 chanocls 91 | Batch normalization with
512 channels

conv_I2

64 1x1x256 convolutions
with stride [1 1] and
padding 'same’

camy_19

128 1x1x312 convolutions
= | with stride |1 1] and

padding 'same’

54 56x56x064x1

conv_13
6d 1x 12256 canvolutions sony 2

’ < S6x563 cony_20
with stride [1 1] and Aabaotal 128 1x11512 convolutions

pudding 'sam! 93| with stride 11 1] and
padding "same’
cony 27

128 11 1x256 convalutions
with stride |1 1| and
pudding 'same'

cony_21

256 Ix1x 128 convolutions
with stride |1 1] and
padding "same’

relu_19 s
batchnorm_16 Rel L
S6xS6x128x1

N
(=2

S6xS6x128x1

L
-4

58 | Batch normaliztion with hatchnorm 12

128 channels Bateh normalization with
256 chunncls

conv_28

256 3x3x128 conveolutions
with stride [1 1] and
padding 'same’

cony_22

512 3x3x256 convolutions
with stride |1 1] and
padding "same’

Sox50x250x1

relu_20
Rel.l)
batchnorm_17

61 | Batch normalization with
256 channcls

6l S6x56x256x1

relu_l6

Rel.l

batchnorm_13

Batch normalization with
512 chunncls

AGXS6X256x1

b3
B } h

cony_29

64 1x1x256 convolutions
with stride [1 1] and
padding 'same'

cony 23

128 Ix11512 convolutions
with stride |1 1] and
padding "same’

S56x56x64x1
100

conv_3J0

128 110x64 canvolutions
with stride (1 1] and
padding 'samu'

cony_24

256 1x1x128 convolutions
with stride |1 1] and
padding 'same’

Batch normalization with | 36x56x128x1 hatchnorm_14
Batch Normalization

128 channels

conv_} cony_25

256 3x3x128 convolutions | _ . . .. 512 3x3x256 convolulions
with stride [1 1] and Sl L with stride |1 1] and
padding "same' padding "same’

S6x56x128x1
i

-

o
[

L

=
o

=
)

=

batchnorm_19 batchnorm_15

Ratch nornmliztion with [ 56x56x256x1 [ 106 | Batch normalization with
256 channels 512 channels

cony 26

125 Ix1x512 ¢onvolutions
with stride [1 1] and
padding "same’

conv_J2

6d 1x 11256 canvolutions
with stride [1 1] and
padding "same'

SoxS6x64x1 107

cony 39
256 Ix11128 convolutions

conv_42

128 1x1x64 convolutions
with stride [1 1] and with stride |1 1] and
padding 'same' padding "same’

relu_29 ik, 2 : relu_27

batchnorm 26 batchnorm_24
Raich narmalizmtian with Butch normalization with
128 channels

S56x56x128x1 | 108

]

S6x56x128x1

256 channels

conv_43

256 3x3x128 convalutions
with stride [1 1] and
puadding 'samu'

;:thuso 56x56x256x1

cany_d{}

512 3x3x256 convolutions
with stride |1 1] and
padding 'same’

-1
F N

-1 -]
L r~ —

112

batchnorm_27 hatchnorm_25
735 | Batch normalization with | 36x56x256x1 | 113 | Bateh normalization with
256 channcls 512 chunncly
conv_44 cony_41
6d 1x1x256 convolutions 128 Ix1x512 convolutions

(i}

with stride [1 1] and SoxS6v64xl 114 with stride [1 1] and
padding "same' padding "same’

~ | relu 22 o X - |relu 18

Activations

S6a56364x1

28x28x128x
1

28x28x128x
1

28x28x256%

28x28x256x
1

28x28x2506x
|

282832560
1

28x28x256x

E_

28x28x512x
|

28x28x512x

28x28x512x

28x28x128x

28x28x 128

28x28x256n

28x28x250x

28x28x256%

._

28x28x512x

IRN28xS12x
1

28128x 128x
1

28x28x256x
I

28x28x256%
1
I8N28x256%
1

28x28x512x

28x28x312x
|

1

28228x256x

8x28x256x

228512«

28x28x512x
1

28285 128x
1

S.No | Name

addition_2
115 | Flement-wise addition ol'6
inputs
conv_48
256 3x3x128 convolutions
with stride |2 2| and

116

padding 'same’

relu_33
Rel.l.

cony_15_1I
512 1x1x256 convolutions
with stride |1 1] and
padding 'same’
cony_16_1
312 1x1x256 convolutions
with stride |1 1] and
padding 'same’
refu_11_1
|Relll
relu_12 1
121 | perd
batchnorm 8 1
Rateh normalization with
312 chunnels

hatchnorm_9_1

Batch normalization with
512 chanunels

cony 17 1

512 3x3x512 convalutions
with stride |1 1] and

17

118

119

120

padding 'same’

cony 18 1
512 323512 convolutions

with stride |1 1] and
padding 'same’

.| relu_13_1
126 | g T

. | relu_14_1
127 | ReLT

hatchnorm_10_1

128 | Batch normalization with
512 channels

bawchoorm_11_1

Ratch normalization with
512 channels

conv_19_1

256 1x1x512 convolutions
with stride |1 1] and
padding 'same’

conv_20_|I
256 1x1x512 convolutions
with stride |1 1] and

| padding 'same’
conv_21_1
512 1x1x2356 convolutions

same
relu IS 1
| RelLl.
batchnorm_12_1
Batch normalization with
512 channcls
cony_22 1
512 3x3x512 convolutions

with stride |1 1] and
padding 'same’

.| relu_16_1

" | ReLU

136

hatchnorm_13_1

137 | Batch normalization with
512 channels
cony_23_1
256 1x1x512 convalutions
with stride [1 1] and
padding "spme’
addition_2 1
Element-wise addition ol'4
inputs
cony_48_|
512 3x3x256 convolutions
with stride |2 2| and

| padding 'same’

relu_33_1
Rel.l.

maxpovl

|2 2] and padding 'suoe’
conv_48 2

1024 3x3x312 convolutions
with stride |2 2] and
padding 'same’

143

Activations

28x28x128x
|

14x14x23506x
|

T2 14x256x
1

14x14x512x
1

14x14x512x
1

14x14x512x
|

[ 1431435125

14x14x512x
I

14x14x512x
1

T4x14x512x
1

Tda 14x512x
1

14x14x512x
1

14x14x5312x
1

14x14x512x
|

Tdx 14x512x
1

14x14x23506x
I

14x14x256x
|

14x14x512x

with stridefl 1] and padding | 1
1 )

Tda 14x512x
I

14<14x512x
1

I4x14x512x
|

14x14x512x
1

14x14x512x
1

I4x14x256%
1

Tdx 14x256x
I

Tx7xS812x1

TxTaS12x0

3x3 max pooling with stride | 4x4x512x1

2x2x1024x1

relu_33_2
144 | paT 2x2x1024x1
- | gapool -
8| 2D global average pooling IxIx1024x1
Matten
146 Flatten 1024x1

selfatiention

Self attention layer with
147 1024 gutput channels, 4
" | heads, 256 key and query
channels, and 256 value
| channels
fe
148 10} fully connected laver
solloiix
143 softmax

1024x1

101

101






OPS/images/fpls.2025.1540535/fpls-16-1540535-g014.jpg
GG Resulados del andliss

(6 Resumen del Andlisis

@ Area Total: 8.70060098082302 cm?
> Acido Total: 31.29043679928907 mg/100g

ﬁ Frutos detectados: 5

B Fruto #1 @ Estado: VE

3 Tamano: Pequeno
[] Area:1.98 cm?

¢, Volumen 1: 0.4ml

B Fruto #2 @ Estado: VE

4 @ m





OPS/images/fpls.2025.1540535/fpls-16-1540535-g013.jpg
Ascorbic Acid (mg/100g)

Comparison of System vs Laboratory Measurements

2300+ @ System =
» Laboratory -

Pinton Green Ripe Pinton
Ripeness Stage

Ripe





OPS/images/fpls.2024.1463113/crossmark.jpg
©

2

i

|





OPS/images/fpls.2024.1499875/table4.jpg
Model treat Vemax ax.

Full 0.43 £ 0.03 0.53 +0.01

Indexfindnet Filtered R ‘ 0.45 + 0.02 0.61 +0.01

PLSR Filtered 0.41 = 0.02 0.45 +0.02

Full 20.59 + 0.59 39.99 +0.22

SVR Indexfindnet Filtered RMSE ‘ 20.17 £0.33 36.26 + 0.31
PLSR Filtered ‘ 20.85 + 0.65 43.00 £ 0.53

Full 0.28 + 0.01 0.27 £ 0.01

Indexfindnet Filtered MAPE 0.27 + 0.02 0.25 +0.01

PLSR Filtered 0.30 + 0.01 0.30 +0.02

Full 0.47 + 0.02 0.58 + 0.04

Indexfindnet Filtered R? 0.49 £ 0.01 0.51 +0.02

PLSR Filtered 0.34 + 0.02 0.43 +£0.03
Full 19.71 £ 0.35 37.81 + 1.89

PLSR Indexfindnet Filtered RMSE ‘ 19.43 £0.22 40.65 + 1.55
PLSR Filtered ‘ 21.95 + 0.46 43.82 +2.04

Full 0.30 + 0.01 0.27 £ 0.02

Indexfindnet Filtered MAPE 0.29 £ 0.01 0.31 +£0.02

PLSR Filtered 0.34 £ 0.02 0.32 +£0.01

‘The unit of RMSE is pmol m™ s, The term “Full” represents the full spectrum. “Indexfindnet Filtered” refers to the eight bands identified using Indexfindnet. “PLSR Filtered” represents the
sensitive bands identified by classic machine learning model (PLSR). Specific bands are listed in Supplementary Table $2. Bolding indicates the best performance.
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Index2 Index3 Index4 Index5 Index

Trait Index1
Vemasx Rygs + Rsps Ri1 + Rsps Rygs + Rps Rygs + Ryis Ryis — Reis Ryir+Re 1y
Roos % Res7 Rops X Ree Ry35 X Reer Ry35 X Regr Rsgo = Ryos Ry xR,
Jmax: Ryos + Ryis Ry71 + Rsys Ryz1 + Rsps Rygs + Rsps Rgis —Ryyg Ry +Ry
Rsy3 X Resr Roos * Ryso Roos % Ree7 Rozs % Rys Rso3 = Ryg Ryir xR,

Index] refers to the most frequently scarched index by the model, Index2, Index3, Index4, and so on in a similar manner. Index refers to the universally summarized indices derived. Ryir
represents the reflectance of near-infrared bands. Ry, represents the reflectance of green or blue bands. R, represents the reflectance of red bands.
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Vemax Imax

R? RMSE Preds MAPE R? RMSE Preds MAPE
SVR SG 0.43 £ 0.03 20.59 £ 0.59 60.56 + 26 0.28 + 0.01 0.53 £ 0.01 39.99 + 0.22 142.50 + 54 0.27 £ 0.01
SVR SG-POC 0.42 £ 0.02 20.68 + 0.44 61.01 £25 0.27 £ 0.01 0.56 + 0.02 38.68 + 0.18 14222 + 48 0.26 + 0.02
PLSR SG 0.47 £ 0.02 19.71 £ 0.35 58.62 + 25 0.30 + 0.01 0.58 + 0.04 37.81 £ 1.89 141.58 + 53 0.27 £ 0.02
PLSR SG-POC 0.50 + 0.01 19.23 £ 0.32 58.06 + 26 0.29 £ 0.02 0.61 £ 0.01 36.96 + 0.44 140.69 + 50 0.26 £ 0.01
OneDCNN SG 0.42 0.75 + 0.02 13.61 + 0.41 57.87 +23 0.21 £ 0.01 0.78 £ 0.01 27.46 + 0.36 140.60 + 49 0.19 £ 0.01
OneDCNN SG-POC 042 0.79 + 0.02 12.11 £ 0.37 5752 £25 0.20 £ 0.00 0.78 £ 0.01 27.36 £ 0.32 140.54 + 49 0.18 £ 0.01
IndiceCNN SG 0.28 0.83 + 0.02 11.06 + 1.16 56.62 + 22 0.18 +0.02 0.80 + 0.01 2541 + 0.19 139.39 + 49 0.16 + 0.01
IndiceCNN SG-POC 0.28 0.84 + 0.01 11.01 + 0.25 56.44 + 22 0.17 £ 0.01 0.80 + 0.01 2539 + 0.98 139.01 + 49 0.16 + 0.01
Indexfindnet SG 0.63 0.82 + 0.01 1142 £ 0.37 56.70 + 22 0.19 +0.01 0.79 £ 0.01 26.85 + 0.16 136.17 + 49 0.18 + 0.01
Indexfindnet SG-POC 0.63 I 0.86 + 0.01 10.05 + 0.42 5737 £22 0.15 + 0.02 0.81 +0.01 25.33 +0.34 137.06 + 49 0.17 £+ 0.01

The unit of RMSE is ptmol m™ 5™, The value of MAPE represents a percentage. For example, 2 MAPE with a value of 0.30 represents 30%. Bolding indicates the best performance. SG represents
the Savitzky-Golay filtering. POC represents power compression. “Params” refers to the number of model parameters, and “M” indicates that the number is expressed in millions. The value
before + is the mean, and the value after + is the standard deviation. The results were averaged through three runs across randomly split validation set. Preds represents the values of V4, and
Jmax predicted by the model.
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 *  Copyright (c) 2009-2012 Design Science, Inc.
 * 
 *  Licensed under the Apache License, Version 2.0 (the "License");
 *  you may not use this file except in compliance with the License.
 *  You may obtain a copy of the License at
 * 
 *      http://www.apache.org/licenses/LICENSE-2.0
 * 
 *  Unless required by applicable law or agreed to in writing, software
 *  distributed under the License is distributed on an "AS IS" BASIS,
 *  WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
 *  See the License for the specific language governing permissions and
 *  limitations under the License.
 */

if (!window.MathJax) {window.MathJax = {}}

MathJax.isPacked = true;
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Models Accuracy Precision Recall F1 score
MobileNet 0.7969 0.8134 0.8391 0.8248
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ResNet 0.7734 0.8025 7 0.8319 0.8267
EfficientNet B4 | 0.8265 0.8769 0.8932 0.8855
ANFIS- 0.8478 0.8959 0.9045 0.8953
Fuzzy-CNN

Bold values indicate the proposed model results.
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RF 0.7548 0.8155 0.8234 0.8207
LR 0.7629 0.8367 0.8449 0.8419
ETC 0.8034 0.8569 0.8569 0.8569

SVM 0.7249 0.7939 0.8046 0.7969
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Hyperparameter Value escripti
Input Shape (224, 224, 3) Size of the input image data (width, height, channels).
Convolutional Layers 3 layers [32, 64, 128 filters] The number of convolutional layers used. The number of filters
per layer.
Kernel Size 3x3 Size of the kernels used in convolutional layers.
Activation Function ReLU Activation function applied after each convolutional layer.
Pooling Layers 2 layers Number of pooling layers used.
Pooling Type Max Pooling | Type of pooling used in pooling layers.
Pooling Size 22 Size of the pooling window.
Fuzzy Layer Type Gaussian Type of fuzzy layer used for feature extraction.
Dropout Rate 0.5 Rate of Dropout applied after fully connected layers.
Batch Size 32 Number of samples per gradient update.
Number of Epochs 50 Total number of iterations over the entire dataset.
Optimizer Adam Optimization algorithm used for training the model.
Learning Rate 0.001 Initial learning rate for the optimizer.

Loss Function Categorical Crossentropy Loss function used for optimization.
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Complexity Parameter Accuracy Suitability Key
Count Advantages
ANFIS Fuzzy CNN | High (adaptive sampling + Medium to High High (for Precision tasks (e.g,, medical Adaptive and context-aware
fuzzy logic) spatial coherence) imaging, leaves fine details, feature extraction
image segmentation)
Deep CNN Medium Medium to High High for General purpose tasks like Simplicity and
(straightforward architecture) general tasks image classification broad application
MobileNetV2 Low (optimized Low Medium to High Mobile and Computational efficiency and
for efficiency) embedded applications low resource usage
HGB CNN Very High (CNN + Very High High Complex tasks (e.g., multi- Combines CNN and boosting
gradient boosting) label classification) for better decisions
GoogleNet Medium to High Medium High Largescale tasks, multiscale Efficient multiscale

(inception modules)

feature extraction

feature extraction
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Ref Classifiers Dataset Performance
Sachdeva Optimized CNN Plant Village 98.9%

et al. (2021)

Zeng MobileNetV2 Plant Village 99.55%

et al. (2021)

Devi and LR, Linear SVM, HGB, | Plant Village 89.11% HGB
Amarendra NB, RBF-SVM, DT,

(2021)

Mohanty GoogleNet, AlexNet Plant Village GoogleNet 99.34%

et al. (2016)

Wang
et al. (2020)

KMSVM, KMSEG,
Kmean, SVM, 2
class kmean,

Remote sensing
Selfcollect

UAV dataset

88.5% KMSEG

Lei DT, NB, SVM, k- Remote sensing 86.57% BPNN
etal. (2021) | NN, BPNN UAV

multispectral

dataset
Sharma CNN, SVM, KNN, rice and CNN: 99.58% on

et al. (2022)

DT, RF

potato dataset

rice CNN: 97.66%

on potato

Shrivastava AlexNet for extraction Self-collected 91.37%
etal. (2019) | of features and SVM rice dataset

for classification
Kaushik Optimized CNN Plant Village 94.6%
et al. (2022)
Mputu CNN-RF, CNN-SVM, Self-made 97.50%
et al. (2024) | CNN-kNN CNN-SVM
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Validation index

Model

Color Color+ Color+ Color+ Color+Texture+
features Texture LOSCON ResNet50 LO8CON
Accuracy (%) 80.54% 90.63% 98.76% 98.04% 98.96%
Recall (%) 82.01% 91.28% I 98.17% 98.37% 98.66%
F1 score (%) 79.92% 91.21% 98.54% 98.19% 98.62%
Run time (s) 0.19 4.71 125 6.93 6.35
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Accuracy Precision F1 score
RF 0.8938 09137 0.8234 0.8207
LR 0.8749 0.8367 0.8449 0.8419
ETC 0.9182 0.8569 0.8569 0.8569
SVM 0.9222 0.7939 0.8046 0.7969
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Acc

Recall

(%)

F
(%)

STD

Front image only 85.5 85.0 85.0 11.7
Back image only 90.5 90.1 90.0 7.61
Both front and back image 91.0 90.0 90.1 847
Cross path 93.0 92.3 922 6.25
residual connections

a=1 91.7 91.2 9L.1 8.67
o=1/2 93.3 92.7 92.7 5.57
a=1/4 92.9 92.6 92.8 541
o=1/3(ours) 93.8 93.5 93.4 5.20
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Amalgamation of major Subcategories of Chrysanthemum

Chrysanthemum categories morifolium ‘Hangbaiju’

Recall Fl Acc Recall Fl STD
BCNN (2017) 922 873 876 10.1 90.8 90.5 90.4 4.32
RegNet (2020) 94.7 91.0 91.5 8.16 94.1 93.8 93.8 275
EfficientNetV2 (2021) 955 923 927 667 95.3 95.0 95.0 249
ConvNeXtV2 (2023) 94.3 89.8 90.4 8.79 93.8 93.1 932 4.07
TinyVit (2022) 95.2 91.7 924 722 94.1 93.9 93.7 2.67
EfficientViT (2023) 94.3 90.0 90.7 8.88 92.4 92.1 92.0 an
RepViT (2024) 95.7 93.0 934 727 93.8 93.6 93.6 3.07

Ours 958 933 93.5 579 95.9 953 95.7 2.60
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Method Acc (%) Recall (%) F1 (%) STD Param (M)

BCNN (2017) 88.1 88.2 874 8.52 159 0.26
RegNet (2020) 92.1 91.7 91.7 6.05 4.8 0.81
EfficientNetV2 (2021) 917 914 91.3 6.44 20.2 145
ConvNeXtV2 (2023) 93.5 929 929 6.32 34 0.61
TinyVit (2022) 935 932 93.1 5.61 11.0 0.69
EfficientViT (2023) 90.8 90.3 90.3 7.67 97 121
RepViT (2024) 929 925 925 6.11 12.1 119
Ours 93.8 93.5 934 5.20 134 0.33
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Backbone Acc (%) Recall (%) F1(%) STD

TwoStreamAlex 89.1 88.0 88.1 7.22
TwoStreamVGG 84.9 83.4 83.7 9.44
TwoStreamGoogLeNet 90.9 89.9 90.0 7.58
TwoStreamCNN | 88.6 87.9 88.0 7.24
TwoStreamDenseNet | 93.0 92.1 92.2 5.93
Ours | 93.8 93.5 93.4 5.20
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Block na na parameters ayer nam
Conv 7x7, 64 Conv
Convl
Maxpool 3x3 Maxpool 3x3
Conv 3x3, 64 Conv 3x3, 64
Conv2 X2 x2
Bn+relu 3x3, 64 Bn+relu 3x3, 64
Conv 3x3, 128 Conv 3x3, 128
Conv3 X2 X2
Bn+relu 3x3 128 Bn+relu 3x3, 128
Conv 3x3, 256 Conv 3x3, 256
Conv4 X2 X2
Bn+relu 3x3, 256 Bn+relu 3x3, 256
Conv 3x3, 512 Conv 3x3, 512
X2 X2
Conv5 Bn+relu 3x3, 512 Bn+relu 3x3, 512
Avgpool 7x7 Avgpool 7x7
FCl: output nodes128 FC2: output nodes128
FC Block FC3: output nodes32 FC4: output nodes32

FC5: output nodes18
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Color indices Formula Reference
Excess green vegetation index (ExG) 2G-R-B (Zhao et al., 2023)
Color intensity index (INT) (R+G+B)/3 (Ahmad and

Kawashima index (IKAW)

Visible atmospherically resistant
index (VARI)

Excess red vegetation index (ExR)

Green leaf index (GLI)

(R-B)/(R+B)

(G-R)/(G
+R-B)

14R-G

(2G-R-B)/(2G
+R+B)

Reid, 1996)

ADDIN (Gitelson
et al, 2002)

(Torres-Sanchez
et al, 2014)

(Liu et al., 2020)

(Nie et al., 2016)

Excess green minus excess red
index (ExGR)

3G-24R-B

(Kerkech et al., 2018)

Normalized green-red difference
index (NGRDI)

Normalized green-blue difference
index (NGBDI)

(G-R)/(G+R)

(G-B)/(G+B)

(Jannoura et al., 2015)

(Wang et al,, 2023)

Modified green red vegetation (G* (Zhang et al., 2019)
index (MGRVT) R?)/(G*+R?)
Red green blue vegetation (G*B*R)/ (Bendig et al., 2015)
index (RGBVI) (G*+B*R)
Red-green ratio index (RGRI) R/IG (Qi et al., 2021)

In the table, R, G, and B are the average color components of red

color mask image, respectively.

, green, and blue of the true
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Predicted Class

glr::s Precision =~ Recall Specificity S;;e Acc(:;r)acy T?ii:‘igg Lea{;)‘?ble
Complex Frogels* Healthy Rust Scab
Complex 231 41 1 37 10 0.82 0.72 0.98 0.77
Frogels* 20 604 4 2 6 0.92 0.95 098 0.93
GoogLeNet Healthy 1 2 897 1 24 096 0.97 0.98 0.97 93.1 Mlzl“:i" 59
Rust 15 3 1 353 0 0.90 0.95 0.99 0.92
Scab 16 74 30 1 911 0.96 0.94 098 0.95
Complex 238 34 4 22 22 0.83 0.74 0.98 0.78
Frogels* 28 600 4 1 3 0.92 0.94 0.98 0.93
ResNet-50 Healthy 0 2 908 1 14 0.95 0.98 0.98 0.97 93.57 5541 l:in 235
Rust ‘ 13 4 2 352 1 0.94 0.95 0.99 0.94
Scab 9 9 34 0 913 0.96 0.95 0.98 0.95
Complex 212 54 0 34 20 0.84 0.66 0.99 0.74
Frogels* 21 597 4 6 8 0.90 0.94 0.97 0.92
Inception-v3 Healthy 1 3 900 0 21 0.96 0.97 0.98 0.97 92.64 49(1 l:in 218
Rust 11 3 2 353 3 0.90 0.95 0.99 0.92
Scab ‘ 8 9 29 0 919 0.95 0.95 0.98 0.95
Complex 252 37 0 10 8 0.80 0.82 0.98 0.81
Frogels* 25 585 0 3 8 0.91 0.94 0.98 0.93
EfficientNet-b0 Healthy 1 5 907 0 29 0.98 0.96 0.99 0.97 93.8 6523;‘:]] 4
Rust 20 1 0 356 1 0.96 0.94 0.99 0.94
Scab 19 8 18 3 919 0.95 0.95 0.98 0.95
Complex ‘ 246 20 0 16 9 0.77 0.86 0.97 0.81
Frogels* 32 606 3 5 8 0.95 0.93 0.98 0.94
MobileNet-v2 Healthy 0 7 904 1 32 0.98 0.96 0.99 0.97 93.9 23;)2r:in 22
Rust 30 0 0 350 0 0.94 0.92 0.99 0.93
Scab 12 3 18 0 916 0.95 0.96 0.98 0.96
Complex ‘ 239 15 0 17 8 0.75 0.86 0.97 0.80
Frogels* 26 613 2 10 6 0.96 0.93 0.99 0.95
DenseNet-201 Healthy 2 3 915 1 37 0.99 0.96 0.99 0.97 94.0 27(;(; rsnin 18.1
Rust 29 1 0 343 0 0.92 0.92 0.99 0.92
Scab 24 4 8 1 914 0.95 096 0.98 0.95
Complex ‘ 229 43 7 31 10 0.85 0.72 0.99 0.78
Frogels* 19 586 1 3 17 091 0.92 0.98 0.91
Proposed Healthy 1 3 875 0 46 0.92 0.95 097 0.93 91.02 6117'": " 13
Rust 16 9 0 343 4 091 0.92 0.99 0.92
Scab 4 6 59 | 0 896 0.92 0.93 0.97 | 092 1

Frogels*, Frogeye Leaf Spots.
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Parameters

Training Loss
Training Accuracy (%)
Validation Loss

Validation
Accuracy (%)

Training Time

36-layer
(no parallel
branch)

1.39 x 10
100

0.51710
90.15

65 min 30 s

Developed lightweight deep learning models

33-Layer 37-Layer 41-Layer
(1 parallel (1 parallel (1 parallel
branch) branch) branch)
442 x 10 6.30 x 10 117 x10
100 100 100
051105 04818 058545
89.12 91.02 89.83
59 min3s 61 min 38s 63 min 38 s

42-Layer

(2 parallel
branch)

7.72 x 10
100

0.51386
89.84

76 min 57 s
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Category Subcategory Original Images A ed Images for Stage | Augmented Images for Stage I

Healthy Healthy 4624 6000
Rust 1860 6000
Complex 1602 6000

Diseased 6000
Scab 4826 6000
Frogeye Leaf Spots 3181 6000
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Evaluation Formulas
indicators

Accuracy (Acc) Acc = TP+ TN

TP + FP + FN + TN

Brief Description

The ratio of the number of correctly predicted positive and negative samples to the total number of samples.

Precision (P) _ 1P The ratio of the number of correctly predicted positive samples to the total number of samples predicted to
TP+ FP be positive.
Recall (R) _ TP The ratio of the number of correctly identified positive samples to the total number of actual
TP + FN positive samples.
Fl-score (F1) Fl = 2TP The reconciled mean of precision and recall.

2TP + FP+FN





OPS/images/fpls.2024.1502314/table1.jpg
Layer No Name Type Activations of Learnable Parameter:
1 ‘imageinput” Image Input [227,227,3,1] 0
2 ‘conv’ 2-D Convolution [227,227,32,1] 896
3 ‘relu’ ReLU [227,227,32,1] 0
4 “maxpool’ 2-D Max Pooling [113,113,32,1] 0
5 ‘batchnorm’ Batch Normalization [113,113,32,1] 64
6 ‘conv_1" 2-D Convolution [113,113,32,1] 9,248
7 ‘relu_1 ReLU [113,113,32,1] 0
8 ‘maxpool_1” 2-D Max Pooling 56,56,32,1 0
9 “‘batchnorm_1" Batch Normalization 56,56,32,1 64
10 ‘conv_2’ 2-D Convolution 56,56,64,1 18,496
11 ‘relu_2’ ReLU 56,56,64,1 0
12 ‘maxpool_2’ 2-D Max Pooling 27,27,64,1 0
13 ‘conv_3’ 2-D Convolution 27,27,64,1 36,928
14 ‘relu_3’ ReLU 27,27,64,1 0
15 ‘conv_4’ 2-D Convolution 27,27,64,1 36,928
16 ‘relu_4’ ReLU 27,27,64,1 0
17 ‘concat’ Concatenation 27,54,64,1 0
18 ‘maxpool_3" 2-D Max Pooling 13,26,64,1 0
19 ‘batchnorm_2’ Batch Normalization 13,26,64,1 128
20 ‘conv_5 2-D Convolution [13,26,128,1] 73,856
21 ‘relu_5’ ReLU [13,26,128,1] 0
2 ‘maxpool_4” 2-D Max Pooling 6,12,128,1 0
23 ‘conv_6’ 2-D Convolution 6,12,256,1 295,168
24 ‘relu_6’ ReLU 6,12,256,1 0
25 “batchnorm_3" Batch Normalization 6,12,256,1 512
26 ‘conv_7" 2-D Convolution 6,12,256,1 590,080
27 ‘relu_7’ ReLU 6,12,256,1 0
28 ‘gapool’ 2-D Global Average Pooling [1,1,256,1] 0
29 ‘batchnorm_4’ Batch Normalization [1,1,256,1] 512
30 ‘e Fully Connected 1,1,1024,1 263,168
31 ‘sigmoid’ Sigmoid 1,1,1024,1 0
32 ‘batchnorm_5" Batch Normalization 1,1,1024,1 2,048
33 “flatten’ Flatten [1024,1] 0
34 ‘dropout’ Dropout [1024,1] 0
35 “fe_1” Fully Connected [2,1] 2,050
36 “softmax” Softmax [2,1] 0
37 ‘classoutput’ Classification Output (2,1] 0
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14% x 64 bottleneck 6 96
142 % 96 bottleneck 6 160
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Type of Parameters

Convolution
Conv K*x C_inx C_out | K*x C_inx Hx W x C_out
GEoTY L C_out  K*x C 1 g W x C_out
G G
DiCony K*x C_in x C_out | K> x C_l,n X Hx W x C_out
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bel Code Name Original Image Effective Image After Enhancement Training Set Validation Set

1 BLC 1106 1034 5170 4136 517 517
2 GLO7C 930 881 4405 3524 440 441
3 GL13C 925 839 4195 3356 419 420
4 JLO5C 965 860 4300 3440 430 430
5 JLO9C 975 917 4585 3668 458 459
6 JL10C 690 685 3425 2740 342 343
7 JL11C 834 808 4040 3232 404 404
8 JLO6C 975 954 4770 3816 477 477
/ Total 7400 6978 34890 27912 3487 ] 3491

The label in the table represents the label of each category when the model is trained.
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MS block Mish ECA block Acc (%) P (Avg) R (Avg) FL!
87.40 0873 0876 0873 2234 0326
v 88.08 0.880 0.883 0.880 2370 0.329
v 89.66 0.896 0.897 0.896 2234 0326
v 92.04 0921 0921 0920 2234 0327
J J 91.78 0918 0919 0918 2370 0.329
v y 92.29 0.923 0.924 0.922 2370 0.329
Yy ¥ 92.75 0.927 0.928 0927 2234 0327
y Y v 94.01 0.941 0.941 0.949 2.370 0.329

‘The bold values represent the results of the algorithm HPMobileNet proposed in this study.

V represents the selected improved method.
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Label Variety Name Code Name

a BaoLu.201323-3 BLC Baoding Academy of Agricultural Sciences

b No. 07 GLu GLO7C Hebei Academy of Agriculture and Forestry Sciences 930
c No. 13 GLu GL13C Hebei Academy of Agriculture and Forestry Sciences 925
d No. 05 JiLu JLOSC Jilin Academy of Agricultural Sciences 965
e No. 09 JiLu JLO9C Jilin Academy of Agricultural Sciences 975
f No. 10 JiLu JL10C Jilin Academy of Agricultural Sciences 690
g No. 11 JiLu JL11C Jilin Academy of Agricultural Sciences 834

h No. 06 JiLu JLO6C Jilin Academy of Agricultural Sciences 975
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ference Classifiers Dataset
Sachdeva et al. (2021) Optimized CNN Plant Village 98.9% no ANFIS feature capturing, no cross-validation, no pre-processing
Zeng et al. (2021) MobileNetV2 Plant Village 99.55% no ANFIS feature capturing, no cross-validation, no pre-processing
Devi and Amarendra (2021) | HGB Plant Village 89.11% no ANFIS feature capturing, no cross-validation
Mohanty et al. (2016) GoogleNet Plant Village 99.34% no ANFIS feature capturing, no cross-validation
Kaushik et al. (2022) Optimized CNN Plant Village 94.60% no ANFIS feature capturing, no cross-validation
This study ANFIS-Fuzzy-CNN  Plant Village 99.99% all limitations addressed

Bold values indicate the proposed model results.
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Folds Accuracy @ Precision Recall F1-Score

First-Fold 0.9997 0.9973 0.9985 0.9990
Second-Fold = 0.9994 0.9964 0.9995 0.9994
Third-Fold 0.9993 0.9996 0.9996 0.9996
Fourth-Fold 0.9999 0.9993 0.9997 0.9993
Fifth-Fold 0.9999 0.9995 0.9999 0.9999
AVG 0.9996 0.9984 0.9994 0.9994

Bold values indicate the proposed model results.
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Parameter Mean Accuracy (%)
Input Size 128x128 95.75
Input Size 256x256 97.50
Fuzzy Layers 1 95.67
Fuzzy Layers 2 97.67
Fuzzy Layers 3 94.33
Regularization 0.01 98.25
Regularization 0.1 96.67
Regularization 1.0 94.00
Learning Rate 0.001 97.75
Learning Rate 0.01 97.00
Learning Rate 0.1 93.00
Batch Size 16 95.00
Batch Size 32 97.00
Batch Size 64 98.50
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Models Accuracy Precision Recall F1 score
MobileNet 0.8917 0.8134 0.8391 0.8248
VGG19 09237 0.8263 0.8367 0.8219
ResNet 09727 0.8025 0.8319 0.8267
EfficientNet B4 | 0.9267 0.8769 0.8932 0.8855
Inception V3 0.9848 0.9997 0.9999 0.9998
ANFIS- 0.9999 0.9999 0.9999 0.9999
Fuzzy-CNN

Bold values indicate the proposed model results.
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(b)Visualization results of thermal signature maps before and after model improvement.
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term df sumsq meansq

1 dbscan_cluster 2 0.16 0.08 96.75 0 e
2 treatment 3 0.02 0.01 8.89 0 ok
3 dbscan_cluster:treatment 6 0.01 0 213 0.07

4 Residuals 48 0.04 0

It includes statistics such as degrees of freedom (df), sum of squares (sumsq), mean squares (meansq), test statistic, p-values, and significance levels, where *** signifies ‘p-value< 0.001" and.
indicates ‘p-value > 0.05’.





OPS/images/fpls.2024.1460654/im1.jpg





OPS/images/fpls.2024.1499875/M12.jpg
12)






OPS/images/fpls.2025.1475057/table1.jpg
skewness

1 1:cocklebur 20 0 0.01 -1291.42 -0.03 0.05 0.32 1.62
2 69:cocklebur 10 0.06 0.07 752 0.01 0.15 0.21 172
3 35:cocklebur 20 0.05 0.13 383.78 -0.07 0.55 1.07 279
4 L:lettuce 20 0.21 0.21 13.64 0.15 0.25 -0.17 207
5 69:lettuce 10 0.28 0.28 14.35 0.18 0.33 -1.48 5.18
6 35:lettuce 20 0.34 0.3 39.23 0 0.41 -1.74 4.42

The “group” column represents the combination of grouping factors—plant type and time point— where 1 indicates the start, 35 the second time point, and 69 the experiment’s conclusion.
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