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Introduction: Accurate identi cation of crop diseases is crucial for ensuring crop
quality and yield. However, existing deep learning models for crop disease
identi cation lack robustness in complex eld environments and suffer from
large model parameter sizes, which makes them dif cult to deploy on resource-
constrained devices. This gap between laboratory models and practical eld
applications necessitates the development of a lightweight and robust
identi cation model.

Methods: To address these challenges, this paper proposes a lightweight YOLO-
CGA model for sun ower disease identi cation and deploys it on a Raspberry Pi
for eld application. The model incorporates three key improvements based on
YOLOv8n-cls: (1) A CBAM_ADown module is designed, which integrates
attention mechanisms with asymmetric downsampling to enhance feature
extraction and noise suppression in complex image backgrounds; (2) The C2f
module of YOLOv8n-cls is replaced with the C3Ghost module, which utilizes
ghost convolution to reduce parameter count while preserving ne-grained
features; (3) An AFC_SPPF module is constructed, which aggregates multi-scale
disease features through a multi-branch adaptive fusion structure to improve
recognition performance for diverse lesions.

Results: Experimental results on three major datasets show that the proposed
YOLO-CGA model achieves high identi cation accuracy: 98.48% on the BARI-
Sun ower dataset, 98.32% on the Cotton Disease Dataset, and 91.11% on the
FGVCS8 dataset. Meanwhile, the model maintains a lightweight property with only
0.92M parameters, which is signi cantly fewer than that of other
comparative models.

Discussion: The deployment of the YOLO-CGA model on the Raspberry Pi end
device effectively bridges the gap between laboratory models and eld
applications, ful lling the demand for real-time and on-site crop disease
identi cation. The integration of attention mechanisms, ghost convolution, and
multi-scale feature fusion enables the model to balance accuracy, robustness,
and lightweight performance, making it suitable for resource-limited

eld scenarios.
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1 Introduction

Sun ower is one of the most important crops of global
agriculture and is an important source of edible oil and fodder.
As the third largest oilseed crop in the world (Pilorge, 2020),
sun ower accounts for more than 12% of the global consumption
of vegetable oils. Beyond their economic value, sun owers can
absorb heavy metal pollutants such as lead and cadmium from
the soil through their root systems, effectively reducing soil
contamination levels (Alaboudi et al., 2018). However, these
important crops are chronically threatened by fungal, bacterial
and viral pathogens. The major diseases affecting the yield of
sun owers are downy mildew (Qi et al., 2023), gray mold
(Tomioka and Sato, 2011), sclerotinia rot (Sui et al., 2025) and
rust (Berghuis et al., 2022). Sclerotinia rot is one of the primary
diseases affecting sun ower crops, causing an average yield
reduction of 10%-20% (Fusari et al., 2012). Therefore, timely and
accurate prediction of sun ower diseases and precise control
measures can signi cantly reduce the impacts caused by
sun ower diseases.

Traditional methods of plant disease identi cation rely mainly
on manual observation, which are inef cient and inaccurate. With
the development of deep learning, many researchers have combined
deep learning with agriculture (Vinod Chandra et al., 2024) to
achieve timely and accurate identi cation of plant diseases. Earlier,
some classical CNN architecture models such as AlexNet (Li et al.,
2022), GoogleNet (Indrawati et al., 2023), VGGNet (Sanida et al.,
2023), ResNet (Ding et al., 2022), and DenseNet (Nandhini and
Ashokkumar, 2022) were commonly used as base models for plant
disease recognition.

In addition to the standard CNN architecture models for plant
disease recognition, there are other models that have achieved good
results in plant disease recognition. Feng et al. (2024) proposed an
EDIT model architecture based on Vision Transformer. On three
datasets (namely PlantVillage, FGVC8, and EMBRAPA), this model
achieved accuracies of 99.9%, 91.5%, and 97.4%, respectively. Zhang
et al. (2025) constructed a DDHTL-VMamba model by combining
VMamba, Diffusion Modelling, and Transfer Learning. This model
achieved an accuracy of 99.81% on the PlantVillage dataset. \Wang
et al. (2022) proposed a model based on YOLOV5, which achieved
an accuracy of 90.26% on the PlantDoc dataset. This model
incorporates optimization strategies such as an improved
attention mechanism, GhostNet, and a weighted bidirectional
feature pyramid network (BiFPN). Liu and Zhang (2023)
proposed a PiTLiD model by combining the pre-trained
Inception-V3 with transfer learning technique, and this model
achieved an accuracy of 98.2% on a self-constructed small
sample dataset.

Although many of the above studies have made signi cant
breakthroughs in the core performance of plant disease
identi cation, they are also accompanied by a series of growing
problems. Speci cally, model architectures have become
increasingly complex, and the number of parameters has risen
signi cantly. Meanwhile, drawbacks such as the dif culty of
deploying on resource-constrained edge devices, high
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computational costs, and poor real-time performance have grown
increasingly prominent. For these reasons, many researchers have
begun to focus on the study of lightweight models. Li et al. (2023)
proposed a PWVT lightweight model with only 98M parameters
and achieved 93.6% accuracy on the wheat dataset. Yang et al.
(2023) proposed a lightweight DGLNet network model based on the
attention mechanism and dynamic convolution. This model
achieved accuracies of 99.82% and 99.71% on two datasets,
namely PlantVillage and Paddy Doctor. Ji et al. (2024) proposed a
lightweight model, 1CS-ResNet, which was based on the ResNet50
lightweight network and combined with improved spatial and
channel attention modules as well as a depth-separable residual
structure. This model not only signi cantly improved the accuracy
of maize leaf disease recognition but also reduced the number of
parameters and computation by 69.12% and 54.88%, respectively.
Gole et al. (2023) proposed a lightweight TrincNet model by
replacing the MLP block in Vision Transformer with a
customized Inception block. Compared to the Vision
Transformer, this model achieved accuracy improvement of
5.38% and 2.87% on the PlantVillage and Maize datasets,
respectively. Although the above studies have made signi cant
progress in model lightweighting, the eld of crop disease
recognition still faces many challenges. In complex natural eld
environments, disease identi cation is often constrained by
multiple factors such as background interference, harmful
weather effects, and leaf shading. Therefore, constructing robust
lightweight models that can adapt to complex eld contexts and
deploying them in resource-constrained devices to land in real
agricultural scenarios remains an urgent challenge.

Speci cally, sun owers grow in complex natural eld
environments. Key disease features are often obscured by various
factors. These factors include background interferences like soil and
weeds, adverse weather such as rain and fog, and leaf occlusion. As a
result, critical characteristics such as the white mildew layer of
downy mildew and the spore piles of rust are hard to distinguish.
This puts existing models in a core “performance-ef ciency”
dilemma. If a model is built to be robust in complex scenarios, it
tends to be too large. Thus, it cannot be deployed on low-cost edge
devices like Raspberry Pi. If parameters are simply reduced for
lightweight, important feature details will be lost. Then, the
recognition accuracy in actual elds cannot be guaranteed. This
dilemma directly limits the application of related technologies in
on-site real-time detection for farmers. Therefore, developing a
robust and lightweight model becomes the core motivation of our
YOLO-CGA model’s architecture design. This model should both
adapt to complex eld environments and be deployable on edge
devices. It also serves as a targeted solution to the limitations of
previous studies.

To solve this dilemma, this study designs the lightweight
YOLO-CGA model, using YOLOv8n-cls as the base model. First,
to address the issue of “ eld background noise obscuring features”,
we propose the CBAM_ADown module. This module combines the
CBAM attention mechanism with asymmetric downsampling
(ADown). It strengthens channels with disease features and
weakens those with soil background through channel weight
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assignment. Meanwhile, it uses spatial attention to focus on tiny
lesions. With the help of asymmetric downsampling, it preserves
ne-grained details like the spore pile texture of rust. In this way, it
achieves the dual goals of “noise Itering + feature enhancement”.
Second, to balance lightweight design and feature integrity, we
replace the C2f module of YOLOv8n-cls with the C3ghost module.
Ghost convolution has the characteristic of “generating features
through low-cost linear transformation”, and this replacement
reduces parameters by 35.84% without losing key disease
information. Finally, to handle the scale variation of eld lesions
(from millimeters to centimeters), we design the AFC_SPPF
module with multi-branch adaptive fusion. It combines branches
of multi-pooling and identity mapping to capture multi-scale
features. This enhances the model’s ability to recognize complex
lesions, such as compound diseases and edge-blurred diseases.
These three modules form a collaborative closed-loop, following
the logic of “feature puri cation, lightweight feature transmission,
and multi-scale feature complementation”. Eventually, they achieve
the optimal balance between “performance and ef ciency”. The
YOLO-CGA model reaches a recognition accuracy of 98.48% with
only 0.92M parameters. Compared with the baseline model
YOLOv8n-cls, it reduces parameters by 36.6% and GFLOPs
(computational load) by 58.8%. Meanwhile, its average accuracy
increases by 2.96%. Currently, the model has been successfully
deployed on Raspberry Pi edge devices. It enables real-time on-site
disease detection in agricultural scenarios and effectively addresses
farmers’ practical needs. Based on these achievements, the main
contributions of this study are as follows: First, we proposed the
CBAM_ADown module, which provides a new idea for crop disease
feature puri cation under complex eld backgrounds. Second, we
designed an AFC_SPPF module and veri ed the collaborative
optimization value of CBAM_ADown, C3ghost, and AFC_SPPF
modules, offering references for module design of similar models.
Third, we developed the YOLO-CGA model with both lightweight
and high-precision advantages. Its successful deployment on
Raspberry Pi provides a practical solution for the application of
agricultural disease recognition technology.

2 Materials and method

2.1 Data pre-processing and evaluation
indicators

2.1.1 Acquisition of datasets

The dataset used in this study is from the publicly available
sun ower image dataset BARI-Sun ower (Sara et al., 2022), which
contains 466 original images and 1892 enhanced images. These
images contain leaves, stems, and corollas of diseased sun owers as
well as leaves of healthy sun owers, and the resolution of the images
is 4000 x 3000. We only used the original images of this dataset.
These original images contain four categories, namely Downy
mildew, Gray mold, Leaf scars, and Fresh leaf. In addition, we
collected 65 sample images of Sclerotinia rot and 305 sample images
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of Sun ower rust from the Web. These newly collected images were
combined with the original images from the BARI-Sun ower
dataset. Together, they form the original dataset we used for the
sun ower disease identi cation task, as shown in Figure 1A.

To validate the generalization ability of our proposed model, we
used two public datasets, which are the Cotton Disease Dataset
(Zhao et al., 2023) and the FGVC8 (Kaggle, 2021). They are both
constructed based on complex natural eld contexts. The Cotton
Disease Dataset contains 3033 original images. These images, with a
resolution of 638 x 854, contain leaves of diseased and healthy
cotton, which are classi ed into ve categories, namely,
Anthracnose, Bacterial angular leaf spot, Brown spot, Healthy,
and Wilt disease, as shown in Figure 1B. The FGVC8 dataset
contains a total of 18632 images, which include images of
diseased and healthy apple leaves, and the resolution of the
images is 4000 x 2672. These images are classi ed into six major
categories: Complex, Frog eye leaf spot, Healthy, Powdery mildew,
Rust, and Scab. These are further subdivided into twelve
subcategories, as shown in Figure 1C.

A detailed descriptions of the sample information for each
category of the above three datasets are shown in Table 1.

2.1.2 Data augmentation

In this study, all three datasets went through a uni ed data
preprocessing process. First, all images were uniformly resized to
512x512 pixels to minimize information loss and enhance training
ef ciency and stability. Subsequently, the datasets were expanded
using three data augmentation methods.

The rst data augmentation mode is color augmentation.
Lighting and color variations in complex natural elds were
simulated by adjusting the images’ random brightness and
contrast, random Hue and saturation, and a combination of the
two methods. The adjustment range for random brightness and
contrast was +20% of the original data, and the adjustment range
for random Hue and saturation was +15% of the original image.
The second data augmentation mode is a geometric transformation.
The diversity of spatial positions of the image was extended by
simulating different photo angles through horizontal ipping,
vertical ipping, rotating and combining ipping, translation
transformation, scaling transformation, and random cropping.
The third data augmentation method is weather augmentation
(Dai et al., 2023). A variety of different weather often
accompanies complex natural elds. In order to more realistically
simulate the complex natural eld background, enhance the
robustness of the model to complex environments and improve
its anti-jamming ability, we used four weather enhancement
techniques. We used random raindrops to simulate real rainy
weather by setting the type of raindrops to drizzle, the length of
the raindrops to 6 pixels, the width of the raindrops to 1 pixel, the
blurring level to 1, and reducing the brightness factor to 70% of the
original image. Random shadows are used to simulate the effect of
shadows created by leaves in light, setting the shadow coverage to
the entire image and the dimension size to 6. A stochastic fog
transformation was used to simulate the effect of fog on natural
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Sclerotiniarot  Sunflower rust

Bacterial angular Iraf spot ~ Brown spot Healthy v
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Powdery mildew
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Complex Frog _eye leaf spot Healthy Powdery mildew

Rust Scab Scab

Lt G o e frog eye leaf spot = frog_eye_leaf spot frog eye leaf spot /
complex

FIGURE 1
Images of plant disease datasets in three complex natural eld contexts. Among them, (a) is the BARI-Sun ower dataset, (b) is the Cotton Disease
Dataset, and (c) is the FGVC8 dataset.

elds setting the transparency coef cient of ng to 0.05. Mud TABLE 1 Detailed descriptions of samples in each category of the three

. datasets.
splashes were used to simulate the effect of mud spots on plant e

leaves in a natural eld by setting the density of mud spots to be Dataset Classes Numbers
0.0001, i.e., every 10000 pixels contains a mud spot, and the radius

of the mud spot is a random 5-10 pixels. Each selected data Downy mildew 120
augmentation method was applied with a probability of 1.0, Gray mold 72
meaning it is always executed once chosen. The data Leaf scars 7
augmentation process is illustrated in Figure 2. BARI-Sun ower oot
. . . F 134

All three datasets we used are imbalance in category. During the resh e
training process, the imbalance causes the model to focus more on Sclerotinia rot 65
the features of leaf disease images from categories with a larger Sun ower rust 305
number of samples. At the same time, it also makes the model less it 616

. . . t

robust to leaf diseases from categories with a smaller number of hraenose
samples. For BARI-Sun ower, we augmented the image data to 500 Bacterial angular leaf 501
images per category. For the cotton disease dataset, we augmented spot

. . Cotton disease dataset
the image data to 1,000 images per category. For FGVC8, we Brown spot 916
augmented the image data to 1,000 images for the categories with Healthy 263
a number of samples below 1,000. The comparison graph of the —
number of samples in each category of the three datasets before and Wilt disease 537
after using data augmentation is shown in Figure 3. (Continued)
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TABLE 1 Continued

Dataset Classes Numbers
Complex 1602
Frog_eye_leaf_spot 3181
Frog_eye_leaf_spot 165
complex
Healthy 4624
Powdery_mildew 1184
Powdery_mildew 87
complex
FGVC8 Rust 1860
Rust complex 97
frog_eyF:EIS:af_spot 120
Scab 4826
frog_eyseﬁzaf_spot 686
Scab
frog_eye_leaf_spot 200
complex

2.1.3 Model evaluation indices and experimental
parameter settings

In this study, in order to verify the reliability of our proposed
model, we need to use the same hardware, software,
hyperparameters, and scienti ¢ evaluation methods to evaluate
our model. The experimental environment for this study was
con gured as follows: operating system Windows 11; GPU server

10.3389/fpls.2025.1728123

V100S (with CUDA 11.8), Python version 3.8.20, and PyTorch
version 2.0. The hyperparameter settings for all experiments in this
study are shown in Table 2.

We have used the idea of K-fold cross-validation (Kohavi, 1995)
to evaluate the performance of our proposed model. In this study,
the value of K is taken as 5. The dataset is divided into a training set
and an independent test set according to 8:2. Five-fold cross-
validation is performed on the training set, and each fold further
splits the training set into a sub-training set and a validation set in
8:2. In each fold of training, the weights that performed best on the
validation set are retained. Afterwards, the ve sets of optimal
weights are separately evaluated on the test set. Finally, the average
values of accuracy, precision, recall, and F1-score are used as the
core indicator to measure the model’s performance in the sun ower
disease image classi cation task, while the standard deviations of
these metrics serve as a measure of the model’s stability.

Accuracy = —-— ::_-; tr-:;’: TEN (1)
Precision = % 2
Recall = % ©)

ae T,

In Equations 1-4, TP is the number of samples correctly
predicted to be in the positive category, TN is the number of
samples correctly predicted to be in the negative category, FP is the
number of samples incorrectly predicted to be in the positive

1:Clolor
Ry Augmentation
Y,
T
R\
RandomBrightnessContras
+HueSaturationValue /
> 4 ’ ,\" VB T \
G )/ s 2:Geometric
Transformation
Original Image Random Scaling 4
4 3:Weather
Augmentation
) N A 2" \ 3
\RandomRain RandomShadow RandomFog MudSplatTexture J
FIGURE 2
Plant disease data augmentation effect diagram.
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FIGURE 3

Comparison of samples counts in each category before and after data enhancement for the three datasets.

category, and FN is the number of samples incorrectly predicted to
be in the negative category.

2.2 The YOLO-CGA model architecture

YOLO series models are popular among many researchers as a
real-time and high-precision target detection models. With the
iterative updating of versions, their functions have been expanded
to multiple tasks such as image classi cation, semantic

TABLE 2 Hyperparameters setting of the model training.

Hyperparameters Value

Image size 512x512
Batch size 32
Epoch 100
Patience 0
workers 8
Optimizer Adam
Lr0 0.001
Lrf 0.01
Momentum 0.937
Weight_dacay 0.0005
Seed 42

Frontiers in Plant Science

segmentation, pose estimation, etc. The main structure of the
YOLO series model consists of three main parts: Backbone, Neck,
and Head. Backbone is responsible for extracting the basic features
from the input image. Neck fuses and enhances the features
extracted by Backbone, and connects low-level features with high
semantic information. Head is used to output the nal result. The
model architecture for classi cation in the YOLO series inherits the
Backbone from the detection model and replaces the Head part with
a classi cation module.

Using the lightweight YOLOv8n-cls (Yaseen, 2024)
classi cation model of YOLOv8n-cls as our base model, we
proposed a lightweight model called YOLO-CGA. The model
aims to solve the problem of insuf cient accuracy in sun ower
disease identi cation in complex eld contexts and the dif culty in
deploying the model in resource-constrained devices. The
differences between the proposed model and YOLOv8n-cls are
shown in Figure 4. The CBAM_ADown module is used in the
YOLO-CGA model instead of the standard convolutional module
CBS to purify the disease feature information and suppress
unneeded background noise. In addition, the C3ghost module
replaces the C2f module to drastically reduce the number of
parameters in the model and generate more ne-grained
information. Finally, a new AFC_SPPF module is introduced to
obtain features of sun ower diseases at different scales.

2.2.1 CBAM_ADown module

Asymmetric Downsampling (ADown) was rst proposed in
YOLOVI (Wang et al., 2025), replacing part of the convolutional
downsampling module due to its smaller number of covariates and
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Conv H CBAM_ADown H C3ghost H CBAM_ADown H C3ghost H CBAM_ADown | C3ghost }l
X2 P O

-

(b) YOLO-CGA

FIGURE 4
Comparison of the structural diagrams of the YOLOv8n-cls (a) and YOLO-CGA (b) models. Where , , ,and in (b) will be explained in the section
3.3.

stronger feature extraction capability. Convolutional downsampling ~ channel information from complex backgrounds. ADown
reduces the size of the feature map by sliding the convolutional ~ accomplishes downsampling through simple two-branch parallel
kernel, but at the same time, it loses high-frequency detail  fusion, which lacks a targeted attention mechanism to differentiate
information, such as the edge of the lesion and texture  key disease features from irrelevant background noise.

information. Pooling downsampling retains only the maximum or Therefore, this paper proposes the CBAM_ADown module,
average value, resulting in reduced feature expression and  and the structure of the module is shown in Figure 5. This module
inadequate recognition of small targeted areas of disease spots.  organically combines the parallel two-branch structure of ADown
ADown enhances feature extraction capabilities through a parallel  and Convolutional Block Attention Module (CBAM) (Woo et al.,
dual-branch architecture, leveraging complementary operations of ~ 2018). Its goal is to realize the accurate enhancement of disease
convolution downsampling and pooling downsampling. Although  features and the dynamic suppression of background noise.
ADown is more capable of feature extraction compared to normal  Through this combination, the module further enhances the
convolutional downsampling, the feature extraction capability for  ability of feature puri cation under a complex background. The
plant diseases in complex eld contexts is still limited. In sun ower  channel attention mechanism is utilized to learn the channel
disease images, disease features are often deeply intermixed with  response differences between disease features and background

FIGURE 5
Structure of the ADown (a) and CBAM_ADown (b) modules.
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