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Rapid detection method of
soybean seed germination
potential based on the
PLSR-MLP fusion model

Shuo Liu and Zhengguang Chen*

College of Information and Electrical Engineering, Heilongjiang Bayi Agricultural University,
Daging, China

In order to realize the rapid detection of soybean seed germination potential, this
study designed a fusion model to solve the problem that the single model was
insufficient in spectral feature analysis and the prediction performance was
limited. The model combines the advantages of the Partial Least Squares
Regression (PLSR) and the Multilayer Perceptron (MLP), and utilizing principal
components extracted by PLSR as the input features for MLP to construct a
soybean seed germination potential prediction model with both linear and
nonlinear modeling capabilities. The PLSR module accurately extracts the
linear features of the spectrum, and the MLP network further captures the
nonlinear relationship between the spectral data and the target variable, which
significantly improves the generalization ability of the model. The experimental
results show that the prediction performance of the proposed PLSR-MLP fusion
model (sz = 0.9534, RMSEP = 7.3821) is significantly improved compared with
the single PLSR model (sz = 0.7284, RMSEP = 17.8154) and the single MLP model
(Rp2 = 0.7935, RMSEP = 15.5335). In the prediction of soybean germination
potential, the PLSR-MLP model also outperforms other single models (Support
Vector Machine, SVM; Random Forest, RF) and other fusion models such as
PLSR-SVM and PLSR-RF. The PLSR-MLP fusion model effectively addresses the
limitations of a single model's performance enhancement potential and the
susceptibility to overfitting. It provides a new method for the efficient evaluation
of seed germination potential. It also has practical application value for precision
seed selection in agriculture and offers a new idea for near-infrared
spectrum modeling.
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Introduction

As a crucial crop for both grain and oil, soybeans are not only
the primary source of high-quality plant protein and fat but also an
essential and significant source of nutrients for people to balance
their diet and maintain their health. Seed vigor, as the core element
of the crop production system, is an important factor affecting seed
germination efficiency and seedling growth quality. High-vigor
seeds have the characteristics of a rapid germination rate, strong
resistance to adversity, and large seedling biomass. By lowering the
amount of seeding, they can guarantee the field emergence rate
(Zhang and Fu, 2020), which will raise the yield.

In the seed quality evaluation system, germination rate and
germination potential are the key indicators to characterize the
biological characteristics of seeds. The former refers to the
percentage of the number of normally germinated seeds and the
tested seeds in the standard test cycle, reflecting the potential
germination ability of the seeds. The latter describes the
germination rate at the early stage of germination, usually the
3rd-5th day, reflecting the germination synchronicity and
physiological activity intensity of the seeds. Studies have shown
that seeds with high germination potential have better cell
metabolic activity and antioxidant enzyme systems under the
same germination rate. The field performance of seeds includes
neat emergence and strong seedlings, which lays the foundation for
constructing a high-yield crop population (Chen, 2012). It is worth
noting that the decline rate of germination potential is significantly
faster than the germination rate during seed aging. This
characteristic makes the germination potential index more
sensitive to reflect the changes in seed storage quality and
becomes a reliable basis for evaluating the activity level of
soybean seeds. Traditional seed vigor detection mainly depends
on the artificial culture method and the biochemical labeling
method. The former needs a 7-14-day germination cycle, which
destroys the seed embryo structure. The latter relies on chemical
reagents, which leads to irreversible damage to the sample.

The method for detecting seed vigor based on near-infrared
spectroscopy technology has the characteristics of high efficiency
and non-destructiveness and has been paid attention to by relevant
scholars at home and abroad in recent years (Xia et al., 2024; Yuan
et al., 2020). They have widely used this technology to detect crop
seed activity and crop component content (Al-Amery et al., 2018;
Kusumaningrum et al., 2018; Zhao et al., 2025; Li et al., 2018; Luo
et al., 2017). The principle is that crops contain a large amount of
water and organic matter, such as sugar, lipids, and proteins. By
detecting the spectral absorption characteristics of the functional
groups (N-H, O-H, C-H, etc.) of these substances, the composition
of the crops can be quantitatively analyzed, and then the
information related to seed activity can be obtained.

Most of the existing chemometric modeling methods based on
near-infrared spectroscopy adopt linear regression modeling
methods, such as the Partial Least Squares Regression (PLS)
method. It has the characteristics of strong interpretability and
high computational efficiency. It is widely used in the field of near-
infrared spectroscopy detection, especially in the prediction of seed
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germination rate (Qu et al., 2019). The PLSR model can effectively
characterize the spectral response by extracting latent variables, but
its essence is a linear framework. The traditional linear model
significantly limits its prediction accuracy when faced with the
complex interaction effect between spectral data and seed vigor.

To break through the limitations of the linear model,
researchers introduced nonlinear modeling methods (Xiao et al.,
2023). For example, the Support Vector Machine (SVM) can
effectively address the nonlinear relationship between spectral
features through kernel function mapping (Bai et al., 2016; Peng
et al., 2018). The Random Forest (RF) model reveals the nonlinear
correlation between wavelength variables and seed vigor by using
feature importance ranking (Du et al., 2024). In particular, deep
learning models represented by Back Propagation (BP) neural
networks have shown excellent nonlinear fitting ability in seed
vigor detection (Yang et al., 2022). However, these methods face
severe challenges in the scenario of small samples and high-
dimensional spectral data. Too many hidden layer nodes of a
neural network are prone to overfitting. The discretization of
spectral continuous variables by decision tree models may cause
information loss.

Most of the existing near-infrared spectral modeling methods
adopt a single modeling strategy, which has several shortcomings.
Firstly, a single model can only achieve limited performance.
Second, linear models such as PLSR struggle to analyze data that
exhibit complex nonlinear relationships. Third, models such as the
BP neural network and Multilayer Perceptron (MLP) have strong
nonlinear modeling capabilities, but in the face of small-sample,
high-dimensional data, the model is prone to overfitting. Therefore,
the single modeling method cannot give full play to the synergistic
advantages of linear model feature decoupling and nonlinear model
function approximation.

To address this challenge, scholars have begun to introduce
model fusion strategies (Ge et al.,, 2019; Zhong et al., 2025; Jiang
et al,, 2024). The fusion model integrates the advantages of different
algorithms, which becomes an effective way to improve the
performance of the model (Shimim et al., 2025). Shi Rui et al.
constructed an ECA-CNN fusion model to predict the vigor of
wheat seeds, and the accuracy of the training set was as high as
99.17% (Shi et al, 2024). Yan Linyu et al. fused the CNN and
LightGBM models for qualitative discrimination of rice seed vigor.
The results indicated that the CNN-LightGBM fusion model could
accurately identify the seed vigor levels of various rice varieties,
demonstrating significantly better performance than a single model,
along with good adaptability and stability (Yan et al., 2025).
However, the above fusion models are all classification models for
qualitative analysis and lack quantitative analysis of crop seed vigor.
Additionally, the fusion method only combines similar types of
models (nonlinear models) and does not effectively combine linear
models with nonlinear models to take advantage of their
different strengths.

In view of the above challenges and the actual needs for rapid
detection of soybean seed germination potential, this study
proposes a PLSR-MLP fusion model to realize the rapid detection
of soybean seed germination potential. PLSR extracts the principal
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components of the spectrum, effectively eliminating collinearity and
retaining key biochemical information. Combined with the
nonlinear fitting ability of the MLP neural network, the accurate
modeling of the complex mapping relationship between
germination potential and spectral characteristics is realized. This
method solves the problem that the performance improvement of a
single linear model is limited, while a nonlinear model is easy to
overfit and provides a new method for rapid and nondestructive
detection of crop seed vigor.

Materials and methods
Material acquisition

The experimental materials were 14 main soybean varieties
harvested in 2023 from Zhaoguang Farm (Mengdou 15, Dengke 15,
Huinong 417, Huajiang 2, Heike 60, Heike 71, Heike 88, Heihe 43,
Heihe 53, Soybean Longken 309, Soybean Longken 3002, Soybean
Beidou 47, Jiadou 55, and Guangmin 5). There were 24 samples for
each variety. Eight gradient samples of vigor levels were prepared by
adjusting the aging time, and each level was set with three
repetitions, forming a total of 14x8x3 = 336 experimental
samples. In addition, the sample set also includes naturally aged
seeds of two varieties, Heihe 53 and Dongqing 9 (storage period of 2
years), with 7 repeated samples for each variety. In summary, this
study collected a total of 350 samples (336 + 14 = 350). The
reference values for germination potential of all samples were
obtained through the four-day germination rate testing method in
accordance with the national standard GB/T 3543.4-1995 “Rules for
Agricultural Seed Testing—Germination Test”.

Artificial aging test

In this study, the high-temperature and high-humidity artificial
accelerated aging method was used to obtain the soybean seed
sample set with different vigor gradients, and the natural aging
sample was used as a supplement. In this study, the intelligent
incubator produced by Ningbo Saif Experimental Instrument Co.,
Ltd. was used as the artificial aging box for the high-temperature
and high-humidity artificial aging test. Before the experiment, the
surface of the incubator was sterilized with 75% ethanol solution.
130 seeds with grain fullness >95% and particle size variation
coefficient <5% were selected from each variety as a sample,
packed in 30 mesh nylon bags, and evenly spread on the
incubator mesh frame. The accelerated aging parameters were set
as constant temperature and humidity conditions with a
temperature of 45 + 1°C and relative humidity of 95% + 1%. The
aging gradient of 0-7d (0d, 1d, 2d, 3d, 4d, 5d, 6d, 7d) was established
through time sequence control, in which the 0d group was used as
the untreated control. After the treatment, the samples were
naturally dried indoors (temperature 25 + 2°C, humidity 40% =+
2%) for 3 days to reduce the seed moisture content to the level
before aging.
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Near-infrared spectral acquisition

The spectra were collected using a Bruker TANGO Fourier
transform near-infrared spectrometer (Germany). The spectral
range was 11542-3946 cm™ (corresponding to the wavelength of
866-2534 nm), the resolution was 8 cm™, and each sample was
scanned 16 times to take the average value as the spectrum of
the sample.

Germination potential determination

The soybean seed samples were placed in water at 25°C for 6 h.
A layer of germination paper was placed in the germination box as a
germination bed, and the seeds were evenly placed on the
germination bed. Water was added until a thin layer of water film
appeared on the germination paper, and then a layer of wet
germination paper was covered over the seeds for germination
culture. The number of seeds that met the germination standard
was recorded daily; that is, the radicle was not spirally deformed and
the plumule was more than half of the seed length. The moldy
individuals were removed, and the evaporated water was
replenished. At the end of the 7th day, the seed’s germination
potential (germination rate on the 4th day) was obtained.

Construction of the PLSR-MLP fusion
model

PLSR is a multivariate statistical regression method for dealing
with high-dimensional collinear data and is a classic spectral data
modeling method. PLSR iteratively extracts a set of orthogonal
latent variables (LVs) under the premise of retaining the maximum
covariance between independent variables and dependent variables
so as to realize data dimensionality reduction and feature extraction.

MLP is a typical feedforward neural network with strong
nonlinear modeling ability and is one of the basic architectures of
deep learning (Liu et al., 2022; Xie et al., 2022; Zhu et al,, 2025). Its
core structure consists of an input layer, a hidden layer, and an
output layer. Through full connection (FC), layers transmit
information layer by layer, and nonlinear activation functions
extract and transform complex features.

The PLSR-MLP fusion model (Figure 1), constructed in this
study, extracts key latent variables through the PLSR module to
solve the problem of multi-collinearity in high-dimensional data. It
provides low-noise feature input for the subsequent MLP network.
The input layer of MLP receives the latent variables extracted by
PLSR, and each input neuron corresponds to a feature dimension.
The MLP includes two hidden layers, which are the feature
abstraction layer and the feature compression layer. The feature
abstraction layer is a fully connected layer (FC;) with 128 neurons,
RELU activation, and a dropout that is used to randomly mask the
output of some neurons. The purpose of this layer is to provide
sufficient capacity for the network to learn more complex nonlinear
relationships between input latent variables and between input

frontiersin.org


https://doi.org/10.3389/fpls.2025.1726266
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Liu and Chen 10.3389/fpls.2025.1726266
Data Preseocessing MLP neural network modeling
Original In
put
spectra :
' v
SNV 5
: Data Preprocessing FCy: 128 neurons
processing
dataset division : PLSR-MLP RELU Layer ~ Abstraction
¢ : l Layer
CARS wavelength PLSR latent variable
selection extraction DTOPOUt Layer
PLSR latent : l v
variables extraction i z : HCr 32 nenrons
Choosing the optimal MLP neur ] :
T e network modeling L Feature
i i compression
¢ SOOI W | RELU Layer layer
PLSR .
regression ¢
DropOut Layer
Extract latent Model validation
input
Output
FIGURE 1
Structure of the PLSR-MLP fusion model.

latent variables and the target. The feature compression layer is a
fully connected layer (FC,) with 32 neurons, RELU activation, and
secondary dropout. The purpose of this layer is to compress the
128-dimensional abstract features of the previous layer into a low-
dimensional representation space so that the network only retains
the most critical information for the final prediction task and
removes redundancy. The output layer is fully connected with
one neuron.

The PLSR-MLP fusion model uses its powerful nonlinear
modeling ability to adjust the linear features extracted by PLSR
through adaptive weights. The RELU activation function is
introduced into the MLP to correct the linear unit and realize the
nonlinear transformation. At the same time, the dropout strategy is
adopted to suppress the overfitting and enhance the generalization,
and finally, the value of soybean germination potential is predicted
through the output layer. The fusion model overcomes the
limitations in expression ability of a single model and enhances
the overall prediction accuracy by leveraging the synergy between
both models. The structure of the PLSR-MLP fusion model is
shown in Figure 1.

This study implemented data processing and modeling using
the MATLAB R2021b platform. The training of the PLSR-MLP
fusion model adopts the rmsprop optimizer. The maximum
number of training rounds is 3500. The number of samples used
in each iteration is 280, and the initial learning rate is set to 0.006.
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Symbol explanation

The article employs the coefficient of determination (R*), root
mean square error (RMSE), and relative percent deviation (RPD) as
model evaluation metrics. R.? denotes the coefficient of
determination for the modeling set, while sz denotes that for the
prediction set. RMSECV is the root mean square error of cross-
validation, RMSEC is the RMSE of the modeling set, and RMSEP is
the RMSE of the prediction set. RPDc indicates the relative percent
deviation of the modeling set, and RPDp indicates that of the
prediction set.

Results and discussion
Near-infrared spectra of soybean seeds

The near-infrared diffuse reflectance spectra of 350 soybean
samples are shown in (Figure 2A). There are obvious absorption
peaks near 1200 nm, 1470 nm, 1950 nm, and 2300 nm. The
characteristic bands of functional groups from various
compounds overlap seriously, causing each prominent absorption
peak to reflect contributions from multiple types of
functional groups.
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Comparison of near-infrared spectra for soybean seed samples (A) original spectra (B) SNV pretreated spectra.

Spectral preprocessing

Many factors, such as instrument noise and environmental
noise, usually affect near-infrared spectral data. In this study, the
standard normal variate (SN'V) method was used to preprocess the
spectral data. SNV is a preprocessing method based on the statistical
characteristics of the spectrum itself, which is mainly used to
eliminate the spectral baseline drift and amplification effects
caused by the scattering of the sample surface, the size of the
particles, or the difference in the optical path. Additionally, the SNV
method exhibits strong resistance to outlier interference and is not
sensitive to abnormal spectra or other characteristics. (Figure 2B)
shows the soybean seed spectrum after SNV treatment. Compared
with (Figure 2A), it can be seen that in the spectrum after SNV
treatment, the spectral baseline is aligned, the amplitude is
normalized, and the absorption peak related to the germination
potential of soybean is effectively highlighted.

Sample set partition

In this study, the SPXY (Sample set Partitioning based on joint
X-Y distances) method was employed to divide the sample set
(Galvao et al., 2005). The primary purpose of using SPXY is to
ensure that the modeling set has a broader coverage than the
prediction set in both the independent variable space (spectral

TABLE 1 Soybean germination potential dataset division results.

features) and the dependent variable space (germination vigor),
so that the model performs interpolation rather than extrapolation
when applied to the prediction set. In contrast, random sample
partitioning cannot effectively guarantee the representativeness of
the modeling set with respect to the overall sample distribution. To
evaluate the influence of different partitioning strategies, random
splitting was also tested for comparison. The results indicated that
the model exhibited evident overfitting on the prediction set, which
may be attributed to the fact that some prediction samples fell
outside the coverage of the modeling set. Therefore, the SPXY
method was ultimately adopted to partition the sample set in order
to improve the stability and predictive reliability of the model. The
whole sample set was divided into a modeling set (280 samples) and
an independent prediction set (70 samples) at a ratio of 8:2. The
division results are shown in Table 1.

Wavelength selection

In this study, the competitive adaptive reweighted sampling
(CARS) algorithm was used to select the characteristic wavelengths
of the near-infrared spectral data (Li et al., 2009). After multiple
rounds of iterative optimization, the original 1,845 spectral
wavelength variables were compressed to 302 characteristic
wavelength variables, which effectively eliminated the problem of
high collinearity and the interference of non-information noise.
Figure 3 shows the CARS wavelength selection process based on 10-

Sample type Sample size MinimL:m Maximl:m Average Stgndarci Coefﬁ_cit_ent of
value(%) value(%) value(%) deviation(%) variation
Overall sample 350 0.00 100.00 68.4371 31.0722 0.4540
Modeling Set 280 0.00 100.00 67.0929 30.3064 0.4517
Prediction Set 70 0.00 100.00 73.8143 33.6578 0.4560
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selection results.

fold cross-validation, where the horizontal axis represents the
number of iterations (1~50 times). The vertical axis of
(Figure 3A) is the number of selected wavelengths. (Figure 3B)
shows that the minimum cross-validation root mean square
error (RMSECV) is obtained at the 14th iteration, and the
corresponding 302 characteristic wavelengths are determined as
the optimal variable subset. (Figure 3C) shows the regression
coefficient path. (Figure 3D) shows the location of the selected
characteristic wavelengths.

In the 900-1400 nm spectral region, the third overtone
vibration of CH,/CHj; groups in soybean seed oil and the
vibration of C-O/C-H bonds in starch form a strong absorption
superposition. The oil content determines the energy metabolism
efficiency in the early stage of seed germination, and the soluble
sugar produced by starch decomposition directly affects the
germination trend of soybean seeds. In the 1450-1700 nm band,
the first overtone absorption of the protein N-H bond and the first
overtone absorption of the water O-H bond are covered. In the
2000-2400 nm spectral region, the combination frequency
absorption peak of the water molecule O-H bond generally occurs
in this band. The combination frequency vibration of the protein N-
H bond generally occurs at 2050-2200 nm. The first overtone
vibration of the oil C-H bond generally occurs at 2250-2350 nm,
providing energy support for seed germination (Silva et al., 2024).
The above screening results of characteristic wavelengths show that
the CARS algorithm accurately captures the chemical component
information closely related to seed germination and lays a data
foundation for establishing a high-robustness germination potential
prediction model.
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PLSR-MLP modeling results

PLSR models usually use cross-validation to determine the
optimal number of latent variables (LVs). This study used 10-fold
cross-validation to analyze the data set. The results demonstrated
that the PLSR model achieved a minimum RMSECV value of
18.8691 with 11 LVs. However, the preliminary experiment found
that when the LVs were 11, the coefficient of determination Rc2 of
the PLSR-MLP fusion model on the test set was 0.8675;
opportunities for enhancement remain. The use of 11 LVs makes
it challenging to fully characterize the intricate link between spectral
data and concentration variables. To evaluate the influence of the
number of LVs on the model performance more comprehensively,
this study adopts the variance contribution rate analysis method to
investigate the information interpretation ability of the spectral
matrix (X) and the response variable (Y) under different numbers of
LVs. This method can not only avoid the local optimal problem that
may be caused by cross-validation but also provide a more reliable
basis for the selection of PLSR-MLP model complexity from the
perspective of data interpretation.

The number of LVs is determined by assessing the explanatory
power of different numbers of LVs for the spectral matrix (X) and
the response variable (Y). The specific method is to calculate two
key indicators: Individual Variance Contribution Rate (IVCR) and
Cumulative Variance Contribution Rate (CVCR). (Figure 4A)
shows the change in the variance contribution rate of X and Y
when the number of LVs increases from 1 to 50. As can be seen
from (Figure 4A), with the increase in the number of LVs, the
CVCR of X quickly approached 100%, while the CVCR of Y
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increased relatively slowly. When the number of LVs increased to
11, the CVCR of X reached 99.2657%, indicating that the first 11
LVs could explain more than 99.2657% of the information of the
spectral data. However, the CVCR of Y was only 76.2643% at this
time, indicating that the coverage rate of the prediction information
of the 11 LVs on the germination potential of soybean seeds still had
significant room for improvement. It is worth noting that the CVCR
of Y reaches 90.1755% (>90%) when the number of LV increases to
19. In particular, the IVCR values for the 20th LV concerning X and
Y were only 0.0136% and 0.7231% (both <1%), respectively,
indicating that their contributions were negligible. Therefore,
continuing to increase the number of LVs contributes very little
to the improvement of the CVCR and IVCR of X or Y.

Based on the above analysis, this study used 11 to 20 LVs as the
input of MLP, respectively, and obtained the performance
parameters of the PLSR-MLP model under different LV numbers
(Table 2). (Figure 4B) shows the effect of the change in the number
of LVs on the performance of the PLSR-MLP fusion model. In
(Figure 4B), the horizontal axis represents the number of LVs, the
left vertical axis represents the RMSE value, and the right vertical

axis represents the R* value. (Figure 4B) illustrates that the number
of LVs is 13, a pivotal node. At this time, the RMSEP of the test set
attains its minimum value, whereas Rp” achieves its maximum.
When the number of LVs surpasses 13, the RMSEP of prediction
escalates significantly. Although there is a slight decrease when LV's
=19, it increases significantly when LV = 20. In the training set, the
RMSEC did not reach its lowest point at LVs = 13, but its decline
remained limited as the number of LVs increased. The trend of R?
for the model on both the training set and the test set indicated that
the model exhibited an overfitting trend when the LV exceeded 13.

Therefore, the number of LVs was finally selected as 13, and the
13-dimensional latent variables were used as the input of MLP for
the prediction of soybean germination potential. This selection
effectively avoided the risk of overfitting while ensuring that the
model had sufficient prediction accuracy (Y matrix CVCR > 90%).
Through this optimization process, the 302-dimensional high-
dimensional spectral data was successfully reduced to 13-
dimensional key features, which not only significantly improved
the computational efficiency but also achieved the dual optimization
goals of data denoising and feature enhancement.

TABLE 2 Prediction results of the PLSR-MLP model with different number of LVs.

Number of LVs R:2 RMSEC RPDc Rp? RMSEP RPDp
11 0.8912 9.9132 3.0370 0.8675 12.4437 2.7670
12 0.9298 9.0549 3.8026 0.9155 8.7381 3.4455
13 0.9565 6.2706 4.8013 0.9534 7.3821 4.6643
14 0.9547 6.3980 4.7057 0.9247 9.3818 3.6701
15 0.9611 5.9246 5.0817 0.8985 10.8937 3.1608
16 0.9707 5.1473 5.8490 0.8826 11.7140 2.9394
17 0.9738 4.8677 6.1850 0.8729 12.1866 2.8254
18 0.9778 4.4799 6.7204 0.8784 11.9209 2.8884
19 0.9828 3.9411 7.6392 0.8986 10.8864 3.1629
20 0.9796 4.2937 7.0118 0.8802 11.8321 2.9101
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Comparison with single model

To highlight the advantages of the fusion model, we established
a PLSR model and an MLP model, respectively. The optimal
number of latent variables for the single PLSR model was
determined to be 11 by 10-fold cross-validation. The input of the
single MLP model was 302-dimensional spectral data, and its
hidden layer structure was consistent with the MLP part in the
PLSR-MLP model.

The prediction results are shown in Table 3. The performance
of the PLSR-MLP fusion model on the test set is better than that of
the single model. Although the R of the MLP model on the
training set is better than that of the PLSR-MLP fusion model, the
MLP model has an obvious overfitting phenomenon. On the test
set, the coefficient of determination (RP2 = 0.9534) of the PLSR-
MLP fusion model was 30.89% and 20.15% higher than that of the
single PLSR model (sz =0.7284) and the single MLP model (sz =
0.7935), respectively. At the same time, its root mean square error
(RMSEP = 7.3821) was 58.56% and 52.48% lower than that of the
single PLSR model (RMSEP = 17.8154) and the single MLP model
(RMSEP = 15.5335), respectively. In addition, the RPDp value of the
PLSR-MLP fusion model is as high as 4.6643, which is greater than
3, further confirming its excellent prediction ability (Zhao
et al., 2025).

(Figures 5A-C) show the prediction results of the single PLSR
model, the single MLP model, and the PLSR-MLP fusion model on
the data set, respectively. The prediction effect of the single PLSR
model is not satisfactory on both the training set and the test set.
This is because PLSR, a linear regression model, finds the direction
of maximum covariance between the independent variable and the
dependent variable (Qu et al., 2019). However, the germination
process of soybean seeds involves complex physiological and
biochemical mechanisms, which are affected by the interaction of
multiple factors, and there is a strong nonlinear relationship
between its spectral data and germination potential. As a linear
model, PLSR cannot effectively capture these complex nonlinear
patterns, resulting in limited prediction ability. The single MLP
model shows an obvious overfitting phenomenon. This is mainly
because the single MLP directly receives the 302-dimensional
spectral features, which contain substantial noise and redundant
variations unrelated to germination potential. Owing to its strong
nonlinear fitting ability, the MLP tends to learn the noise, random

10.3389/fpls.2025.1726266

fluctuations, and specific samples details in the training data rather
than the general generalization rules (Zhang et al., 2023). At the
same time, the relatively limited amount of training data
exacerbates this phenomenon, resulting in favorable performance
on the training set but poor prediction results on the test set with
different noise patterns.

Comparison with other models

To further evaluate the performance of the PLSR-MLP fusion
model, this study selected SVM and RF, which are widely used in
the field of machine learning, as benchmark models for comparative
analysis. These two algorithms have a solid theoretical foundation
and strong universality and are typical representatives in the field of
spectral analysis and agricultural phenotype prediction (Ding et al.,
2023; Li et al., 2015; Zhang et al., 2024).

SVM is a supervised learning algorithm based on statistical
learning theory. By mapping data to high-dimensional space
through a kernel function to construct the optimal hyperplane, it
can effectively address spectral features and maintain excellent
generalization ability under limited sample conditions (Li et al.,
2025). In this study, the Gaussian kernel function and 10-fold cross-
validation were used. The optimal parameters of the SVM model for
predicting soybean germination potential were determined by the
grid optimization method. The regularization parameter C was 5,
and the e-insensitive region was 0.05. The RF model generates
multiple sub-datasets through bootstrap resampling. For each
subset, an unpruned regression tree is constructed. A random
subset of features is selected when the node is split, and the
average of all decision tree predictions is output (Jing et al,
2025). In this study, the optimal parameters of the RF model for
predicting soybean germination potential were determined by
Bayesian optimization (Cui and Yang, 2018). The parameters
numTrees, max_features, and minLeafSize were 260, 17, and
5, respectively.

As shown in Table 3, the Rc2 of the SVM model in the training
set of soybean germination potential was 0.7986, and the RMSEC
was 13.4859. The R,” of the test set was 0.7497, and the RMSEP was
17.1024. The R of the RF model in the training set was 0.7661, and
the RMSEC was 14.6297. The R,,” of the test set was 0.6311, and the

TABLE 3 Comparative prediction performance of the PLSR-MLP fusion model versus other models.

Modeling method R.2 RMSEC RPDc Rp? RMSEP RPDp
PLSR 0.8307 12.3649 2.4349 0.7284 17.8154 1.9327

MLP 0.9694 5.2537 5.7306 0.7935 15.5335 2.2166
PLSR-MLP 0.9565 6.2706 4.8013 0.9534 7.3821 4.6643

SVM 0.7986 13.4859 2.2325 0.7497 17.1024 2.0133

RF 0.7661 14.6297 2.0716 0.6311 20.2971 1.6583
PLSR-SVM 0.9035 9.3352 3.2251 0.8743 12.1209 2.8407
PLSR-RF 0.7889 13.8076 2.1805 0.4283 25.8478 1.3321

Frontiers in Plant Science

08

frontiersin.org


https://doi.org/10.3389/fpls.2025.1726266
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Liu and Chen 10.3389/fpls.2025.1726266
100 100 - (b)
(a) 9
90 |
8
80 80
70 701
o
e 3
3 2 L
3o 3 60
3 50 3 sof
o =
Eel °
B 40 ' 8 wf
a
LJ -
gt 8T8 0 ’
P AL ¥ ®  training set //)a ® inkinaest
20% - I ° = testing set 20% % "  testing set
e |- 1:1line (S Ve g |- 1:1 line
108 9" training set regression Line 10, " ooy training set regression Line
£ testing set regression Line L'.\ - testing set regression Line
0 o 0 " " " n J
0 20 40 60 80 100 0 20 40 60 80 100
Measured Value Measured Value
120
(c)
100
© 80
=2
®
>
]
2 60
L2
8
o
40
®  training set
®  testing set
20 — — —1:1line
training set regression Line
testing set regression Line
0
0 10 20 30 40 50 60 70 80 20 100
Measured Value
FIGURE 5

Comparison of prediction results for different models (A) PLSR model (B) MLP model (C) PLSR-MLP model.

RMSEP was 20.2971. In contrast, the prediction performance of the
PLSR-MLP fusion model on the test set was significantly better than
that of the benchmark model. Its R,* was 27.17% and 51.07% higher
than that of the SVM model and the RF model, respectively. At the
same time, its RMSEP was 56.84% and 63.63% lower than that of
the SVM model and the RF model, respectively.

The above results indicate that the prediction performance of
SVM and RF models on soybean germination potential is not ideal.
The reason may be that the SVM model can deal with nonlinear
relationship data, but it is extremely sensitive to noise when
searching for the optimal separation hyperplane in high-
dimensional space (Cruz et al., 2021). Soybean seed spectra and
germination potential data are easily affected by uncontrollable
factors such as micro-environmental differences and individual seed
differences (Li et al., 2025). Even after SVN preprocessing and
CARS screening, certain random noise remains in the 302-
dimensional spectra. In addition, the 302-dimensional features are
too high relative to the limited sample size (Cervantes et al., 2020),
resulting in a decline in the performance of the SVM-based
prediction model. The RF model introduces randomness, and
there will be some prediction errors when evaluating the target
variable (Jiang et al., 2024). Simultaneously, feature redundancy and
noise readily impact the RF model (Kong et al., 2025). In addition,
the sample size of this study is small, and it is difficult to construct
enough and diverse decision trees to fully capture the complex
relationship of the data, resulting in insufficient model stability and
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reduced generalization ability (Sun et al., 2023). Therefore, the
prediction errors of the training set and the test set are both large.

To further explore the performance of the fusion model, this
study further fused PLSR with SVM and RF, respectively, to
construct PLSR-SVM and PLSR-RF models. It should be noted
that the PLSR structure of these two fusion models is consistent
with the PLSR-MLP model, and both use 13-dimensional latent
variables as the input of the subsequent model. The experimental
parameters of the PLSR-SVM and PLSR-RF models are the same as
those of the single SVM and single RF models. The performance of
the two fusion models is detailed in Table 3.

The PLSR-SVM model performed well on the training set
(RMSEC = 9.3352, R = 0.9035), and its performance on the test
set (RMSEP = 12.1209, sz = 0.8743) was also greatly improved
compared with the single SVM model. This further illustrates that
the process of introducing PLSR to extract latent variables in the
fusion model can effectively filter noise, enhance the ability of
feature representation, and thus improve the overall performance
of the model. However, the performance of PLSR-SVM is not as
effective as that of PLSR-MLP, which may be because the latent
variables extracted by PLSR retain the complex nonlinear structure
in the original data, although they are reduced in dimension and
denoised. MLP can learn this structure more fully with its deep
nonlinear transformation ability (Zhu et al., 2025).

The performance of the PLSR-RF model was different. The
results on the training set were RMSEC = 13.8076 and R.* = 0.7889.
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The results on the test set were RMSEP = 25.8478 and R,,” = 0.4283.
Although the R of the training set is better than that of the single
RF model, the R,” of the test set is significantly reduced. This
phenomenon indicates that the model has the problem of
insufficient generalization ability. The reason may be that when
the RF model inputs the 13-dimensional latent variables after PLSR
dimensionality reduction instead of the original high-dimensional
features, the RF may be more likely to capture the specific patterns
in the training data, resulting in poor performance on the test set. In
addition, although the latent variables extracted by PLSR remove
some noise, they may also lose some original feature information
that is critical to the RF decision tree splitting, thereby weakening
the predictive ability of the RF model.

In summary, the PLSR-MLP fusion model constructed in
this study effectively overcomes the challenges of high-
dimensional noise, small samples, and model parameter
optimization by integrating the dimensionality reduction and
denoising capabilities of PLSR with the powerful adaptive
learning capabilities and deep nonlinear modeling advantages
of MLP (Zhang et al., 2023), thereby achieving better
prediction performance.

Conclusion

This work successfully developed a PLSR-MLP fusion model
that accurately predicts soybean seed germination potential via
near-infrared spectral prediction. The method effectively
overcomes the limitations of a singular model in spectral analysis,
such as feature redundancy and nonlinear relationship modeling,
using a dual-model fusion mechanism. First, the PLSR algorithm is
used to compress the features of the original spectrum, and the key
principal component variables closely related to the germination
potential are extracted while reducing the data dimension. And
then, the powerful nonlinear mapping ability of the MLP network is
used to construct a deep feature interaction network, which
significantly improves the model’s ability to represent complex
relationships. The experimental results indicate that the
prediction accuracy R, of the model reaches 0.9534. This two-
stage fusion modeling strategy not only provides agricultural
workers with a rapid and non-destructive seed vigor assessment
tool, but more importantly, it offers an efficient technical means for
quality screening before soybean sowing and precise management
of germplasm resource banks. Although this study provides a new
idea for multi-model fusion modeling, a thorough evaluation of the
performance of the three fusion models (PLSR-MLP, PLSR-SVM,
and PLSR-RF) reveals that not any fusion model can improve the
model prediction performance. The effectiveness of the model
fusion strategy must be validated via experimentation for a
particular data set. Future research will explore the combination
of transfer learning and data enhancement technology to solve the
problem of improving the generalization ability of the model under
small samples, and at the same time, it is planned to extend this
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framework to a universal detection system for multiple
crop varieties.
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