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Abstract: Plant pests and diseases are important parts of insect disease control and the high-quality
development of agriculture. Traditional methods for identifying plant diseases and pests suffer
from low accuracy and slow speed, while the existing machine learning methods are constrained
by environmental and technological factors, leading to low recognition efficiency. To address the
issue of the above problems, this paper has proposed an intelligent recognition algorithm based
on the improved YOLOv8 model, which has high recognition accuracy and speed. Firstly, in the
Backbone network, the Global Attention Mechanism (GAM) is adopted to weigh the important
feature information, thereby improving the accuracy of the model. Secondly, in the mixed feature
part of the Neck network, the Receptive-Field Attention Convolutional (RFA Conv) operation is used
instead of standard convolution operations to enhance the processing ability for feature information
and to reduce computational complexity and costs, thus improving the network performance. After
verifying the rice and cotton datasets, the accuracy indicator mean average precision (mAP) reaches
71.27% and 82.91%, respectively, in the two different datasets. Comparing these indices with those
of the Faster R-CNN, YOLOvV?, and the original YOLOv8 model, the results fully demonstrate the
effectiveness and superiority of the improved model in terms of detection accuracy.

Keywords: plant pests and diseases recognition; YOLOv8 model; GAM; RFA Conv; disease identification

1. Introduction

Agriculture is a primary industry that supports the national economy and livelihoods
of people. The yield and quantity of crops are closely linked to the high-quality develop-
ment of agriculture. However, recent studies reveal that crop diseases and pests are on
the rise due to factors such as global climate change [1], changes in farming practices [2],
and excessive use of pesticides. These factors have a significant impact on agricultural
production and development [3]. Early identification of crop pests and diseases can help
determine their categories and range of spread, facilitating early monitoring and control.
In addition, improving crop pest and disease monitoring and control systems helps to
effectively control the spread [4]. Therefore, the identification of crop pests and diseases
becomes a key link in the prevention and control system, and improving the efficiency
and accuracy of identifying crop pests and diseases is of great significance in reducing
agricultural production losses and promoting high-quality agricultural development.

The conventional method for the identification of crop pests and diseases relies on
manual recognition that is based on the judgment and experience of professional researchers
and farmers, which is slow and has low accuracy [5]. With the development of image
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processing technology, the recognition method of traditional machine learning, such as
Image Processing Techniques (IPT) and Machine Learning Algorithms (MLA), is used [6],
which greatly improves efficiency compared to manual recognition. Nevertheless, this
method is limited by factors such as the target position and the lighting background.
Furthermore, when trying to use human-made feature extraction and identifying plant
diseases, it is difficult to predict which combination of pre-processing, feature extraction,
and classification algorithm will produce the best results, leading to tedious trial and error.
Therefore, this method cannot meet the demands of complex real-world environments in
terms of accuracy and speed, giving it relatively low applicability.

With the rapid development of deep learning and the sharp improvement of comput-
ing power, the target detection algorithm has shifted from traditional algorithms based
on manual characteristics to deep learning-based target detection techniques. The target
detection algorithm based on deep learning uses the Convolutional Neural Network (CNN)
to extract features. Through model training and parameter optimization of a large amount
of image data, the target algorithm enables the automatic discovery of the necessary feature
information for detecting and classifying targets, meeting the requirements for speed and
accuracy in target detection. Target detection algorithms based on deep learning can be
divided into two categories according to the algorithmic process: Two-stage target detection
algorithms and One-stage target detection algorithms. The Two-stage detection algorithms
represented by the R-CNN series use the Selective Search method to generate several can-
didate areas for an image, utilize the CNN to achieve extraction features for each candidate
area, and finally make category judgments and adjust the selection frame positions [7]. The
One-stage target detection algorithms represented by the YOLO series [8] and SSD series [9]
use neural networks to process images and achieve direct prediction of target categories and
positions through end-to-end detection methods, thereby improving computation speed.
The above two target detection algorithms are applied in the field of recognition of plant
pests and diseases. Lin Jiao et al. [10] put forward an Anchor-Free Region Convolutional
Neural Network (AF-RCNN) based on fused feature maps, integrating it with the Fast
R-CNN into a single network to detect 24 classes of pests via an end-to-end method. The
proposed method exhibits certain real-time performance and accuracy. Shamse et al. [11]
use a method that detects diseases from plant leaf images by Tensorflow, which is an object
detection API, and further improve the recognition accuracy of leaves by training the
model using the Faster R-CNN method. Yunong Tian et al. [12] add the Densenet module
and Adaptive Attention Module (AAM) to the feature extraction part based on YOLOv3.
This innovative approach, known as MD-YOLO network, improves the detection accuracy
for small-sized target pests. Junzhen Yu, et al. [13] propose a Stolon-YOLO for visual
recognition of stolon of strawberry seedlings in glass greenhouses combining two modules:
HorBlock-decoupled head and Stem Block feature enhancement module. Compared to
YOLOYX, it increases the recall rate by 8.3% and increases the accuracy by 12.2%. Liu ]
et al. [14] optimize the feature layer of the YOLOv3 model by using an image pyramid to
achieve multi-scale feature detection, thereby improving the detection accuracy and speed
of the Yolov3 model. V Senthil Kumar et al. [15] present a multi-scale YOLOv5 detection
network for the early detection and classification of rice crop diseases. The proposed
Bidirectional Feature Attention Pyramid Network (Bi-FAPN) is used to extract the features
from the segmented image and enhance the detection accuracy for diseases with different
scales. D. Luo et al. [16] put forward the Lightweight Self-Attention YOLOvV8 model. They
introduce an innovative feature fusion technique known as the asymptotic characteristic
pyramid network (AFPN) at the Neck, thereby exhibiting an average increase in detection
precision of 2.8% compared to YOLOVS. Y. Yang et al. [17] construct the self-made RiPest
rice pest dataset and propose an improved YOLOv8 model, named Gi-YOLOVS, which has
a 1.3% improvement of accuracy compared to the original YOLOv8 model. Y. Di et al. [18]
present a lightweight attention-based network known as TP-YOLO. It introduces Con-
textual Transformer and Omni-Dimensional Dynamic Convolution modules. These two
attention-based components can enhance feature extraction. Uddin MS et al. [19] optimize



Appl. Sci. 2024, 14, 5353

30f16

YOLOVSs configuration by adding three extra Convolution blocks and using the Swish as
the activation function, demonstrating performance in cauliflower disease detection. The
methods mentioned above show good application effects in the identification of plant pests
and diseases, but there is still room for improvement in the detection accuracy and detection
speed. Real-time detection tasks generally require high detection speed. Therefore, this
paper conducts research based on a One-stage target detection algorithm known for fast
detection speed.

Since its inception, the One-stage target detection algorithm YOLO has received
considerable attention and has been widely applied. In recent years, the YOLO series
of algorithms have been optimized, with the Ultralytics team introducing the YOLOvS8
version in January 2023 [20], which achieves a good balance between accuracy and speed
and is suitable for plant pest and disease recognition detection. However, there are certain
issues when applying the YOLOv8 model to plant pest and disease recognition detection.
Firstly, there is a background characteristic, except for in pest defects in plant leaf images,
which will cause interference to detection and reduce both accuracy and speed. Secondly,
pest and disease defects on plant leaves often have irregular shapes. The YOLOVS predicts
targets using the centerline, width, and height of predicted bounding boxes. In cases
where defects are irregular or closely spaced, the accuracy of predictions will decrease.
Thirdly, there are many plant species as well as pest and disease categories, leading to
an uneven distribution of sample information and lower accuracy for the samples with
small size. Therefore, to address the above issues, this paper optimizes the YOLOv8
model. Firstly, the Global Attention Mechanism (GAM) [21] is introduced to enhance
the interaction between channels and spatial dimensions by incorporating a mechanism
to preserve information on top of channel and spatial attention mechanisms, leading to
improved accuracy. Secondly, the Receptive-Field Attention Convolutional (RFA Conv) [22]
method is used to replace standard convolution operations in the current neural networks,
which significantly improves network performance without increasing computing costs.
Finally, in terms of datasets, considering the differences and similarities in the presence
of pests and diseases among different plants, a dataset is created in which rice and cotton
are representatives for plants. It includes diseases like Blast, Blight, and Brownspot for
rice [23] and Alternaria Leaf Spot, Curl Leaves, Foliar Disease, and Herbicide [24] for cotton,
enriching the sample information and improving its applicability.

The main contributions of this paper are summarized as follows:

(1) Add the GAM to improve the model accuracy without adding a calculational burden;

(2) Use the RFA Conv to replace the standard convolution operation, reduce the waste of
computational resources, and improve the accuracy;

(3) Make representative datasets containing various pests and diseases to improve applicability;

(4) Use the improved YOLOvV8 model for practical application, apply it to the self-made
datasets, and compare it to similar algorithms. The results show that the method of
this paper yields the best performance in detection accuracy.

2. Related Work

In the One-stage target detection algorithms, the series of YOLO has undergone
multiple updates and upgrades. Due to its high accuracy, fast speed, and convenient
deployment, it has a wide range of applications. Therefore, the YOLO series was chosen for
plant-diseased pest identification. The basic method of YOLO is to adjust the input image to
a fixed size, then use the CNN structure to extract features, and finally process the network
and output detection results. The early version of YOLO selects partition detection methods
instead of sliding windows and classifiers to simplify the operation process. Firstly, divide
the input image into a grid of n x n. Then for each grid, the center point of the target
being detected must fall within it. Each grid can predict multiple target boxes and their
confidence. The output information of each target box includes location information and
target categories. Finally, the detection results can be output by non-maximum suppression.
Compared to the two outputs of Fast R-CNN probabilistic classification and the bounding
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box regression, YOLO reframes object detection as a single regression problem to optimize.
The subsequent improvement iterations are based on this to continuously improve the
accuracy and speed of detection. At present, YOLOVS has better performance in the YOLO
series, so this paper uses YOLOVS as the basic model. As a model with good comprehensive
performance in the YOLO series, YOLOVS effectively balances the accuracy and speed of
the model as displayed in Figure 1. The network structure of YOLOvV8 mainly consists of
four parts: Input for input, Backbone for backbone network, Neck for mixed feature, and
Head for prediction output.

Input

Figure 1. YOLOVS network structure diagram.

In the first part of the input terminal, the input image is reorganized and defined as a
640 x 640 x 3 three-channel picture. The second part, the Backbone network, includes CBS
modules, C2f modules, and Fast Spatial Pyramid Pooling (SPPF) modules, which extract
multi-scale features from the input pictures. The SPPF module is a spatial pyramid pooling
layer as shown in Figure 2 that can expand the acceptance region, realize local and global
characteristics fusion, and enrich characteristic information. Compared to SPP, this model
reduces model computational complexity and improves speed.

The third part, Neck, including the convolutional layer and the C2f module, conducts
a multi-scale deep fusion of the features and transmits the features to the predicted output
part. The C2f module in the backbone network and Neck part combines the ELAN structure
design of YOLOvV7 and replaces the C3 module in YOLOvS5. Figure 3 depicts the C2f
structure with a richer gradient flow, which enhances the feature fusion capability of the
CNN and achieves further network structure lightweighting.
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Figure 2. SPPF module.
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Figure 3. C2f module network structure.

The fourth part, Head, is responsible for predicting output. It predicts the characteristic
chart after deep fusion, and outputs the target anchor frame position, target types, and
confidence information. Unlike previous YOLO series models, the Head part opts for
the decoupling head structure instead of the coupling head structure, and chooses the
Anchor-free idea instead of the Anchor-Base idea. Because of the different contents focused
by the classification and localization, the decoupling head structure uses different branches
for operations, enhancing the detection effect. With these improvements in structure, the
YOLOvV8 model has seen enhancements in both speed and accuracy.

3. Algorithm Optimization

To solve the problem of the YOLOv8 model in the application of plant pests and
diseases recognition, this paper proposes the improved YOLOv8 model to enhance the
comprehensive performance in the recognition of plant pests and diseases. The improved
YOLOvV8 model is shown in Figure 4. In the original YOLOv8 model, this paper introduces
improvements in the following areas. Firstly, in the Backbone network, after the SPPF
module and before the output feature, the GAM is adopted to weigh the important feature
information, improving the accuracy of the model. Secondly, in the mixed feature part
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of the Neck, the RFA Conv method is used instead of standard convolution operations
to enhance the processing ability of feature information. Thirdly, in terms of datasets,
a comprehensive dataset containing various representative plant diseases and pests is
constructed to enhance the applicability of the model.

Cls Loss

Head

Figure 4. Improved YOLOVS8 network structure.

(1) GAM

In tasks such as target detection and image classification, the attention mechanism can
improve the ability of the model to locate and recognize important features in images of the
model, thereby enhancing detection accuracy. Inspired by human attention, the attention
mechanism aims to mimic how the human brain processes key areas in images. Its primary
goal is to select target information crucial for the current task from a plethora of information,
focus on it, and ignore the background areas that do not match the target features, thereby
saving computational resources and improving computational efficiency [25]. At present,
the attention mechanism is mainly divided into spatial attention and channel attention.
Space attention can improve the accuracy of model positioning and identification in the
important areas. Channel attention can enhance the speed and accuracy and the relation-
ship between different channels. In the target detection task, applying spatial attention and
channel attention to the outputs of the convolution layer can yield more precise feature
information representations. Traditional SE attention mechanisms [26], through learning
adaptive channel weights, pay more attention to crucial channel information. Nevertheless,
they only consider the attention of the channel dimension, thus they are unable to capture
the attention in the spatial dimension, limiting their applicability. The CBAM [27], combin-
ing with the convolution and attention mechanism, can pay attention to images from both
dimensions of space and channel, but it comes with higher computational complexity.

The GAM improves the performance of deep neural networks by reducing information
and amplifying overall interaction representations. The introduction of this optimization
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algorithm is based on the proposal of the first-order smoothness theory. Compared to zero-
order smoothness, first-order smoothness focuses on the norm of the maximum gradient
within the parameter neighborhood, making it more capable of capturing the trend of
loss changes. Therefore, the GAM optimizes both prediction errors and the norm of the
maximum gradient within the neighborhood during training in Figure 5. Like CBAM, GAM
uses space attention and channel attention but handles these dimensions differently. In
terms of channel attention, first, it transforms the input feature diagram, passes it through
an MLP, and then restores it to the original dimension, and finally performs a Sigmoid

function for output.
MLP

Figure 5. Image of processing by GAM in terms of channel attention.

sigmoid

Input features F1 (FD)

In terms of spatial attention, the GAM first reduces the number of channels by using
a convolutional kernel of size 7 to reduce the calculation amount. Then, it undergoes
another convolutional operation with a kernel size of 7 to increase the number of channels,
maintaining the consistency of the number of channels. Finally, it gives outputs through a
Sigmoid function as shown in Figure 6.

CxHxW C/rxHxW CxHxW

~E-

Input features F2

sigmoid

(FD

Figure 6. Image of processing by GAM in terms of spatial attention.

(2) RFA Conv module

The existing CBAM and CA attention mechanisms focus only on spatial characteristics
in terms of spatial attention and do not completely solve the problem of parameter sharing
in convolutional kernels. The RFA attention mechanism not only considers the spatial
characteristics of the receptive field but also provides effective attention weights for large-
sized convolutional kernels. The receptive field spatial features refer to the feature diagram
transformed by the spatial characteristics, which consist of the non-overlapping sliding
windows. Each 3 x 3 size window in the receptive field spatial characteristics represents
a receptive field block. Generally speaking, the calculation of RFA can be expressed
as follows:

F = Softmax (giXi(Angool(X)) X ReLU (Norm (gka(X)> ) 1)
where ¢*! presents a group convolution with a size of i x i, k represents the size of the
convolutional kernels, Norm shows a normalization, X indicates the input feature diagram.

In Figure 7, RFA Conv developed by RFA can replace standard convolutional calcula-
tions, effectively reducing computational costs and parameter increments while improving

network performance. First of all, it uses the fast Group Conv method to extract the re-
ceptive field features, aggregates the global information for each receptive field feature



Appl. Sci. 2024, 14, 5353

8 of 16

i AvgPool

RFA

3x3 Group Con

using AvgPool, and then employs 3 X 3 sets of convolutional operations to interact with
information. Finally, it emphasizes the importance of each feature in the receptive field
features through softmax.

Group3 Softmax |
B — B —
Kernel3 .
Group2 Softmax |
—_ —_ .
Kernel2 |
CxH*W Group1 Softmax :
B — B — |
Kernell :
Attention Map Adjust l

9CxHxW Shape 3x3Conv stride=3]

Re-weight

Cx3Hx3W . CxHxW

Recetive-Field Spatial Feature
9CxHxW

Figure 7. RFA schematic diagram.

4. Experimental Scheme
4.1. Pavement Defect Dataset

Although there is a wide variety of plant species, and their diseases and pests vary,
according to the characteristics of plant diseases and pests, the common symptoms can be
summarized, and the test recognition can be performed to establish a dataset to improve
the model detection accuracy. The pictures in the dataset are collected in real fields, which
can enhance the generalizability of the model.

Different plants can experience the same diseases and insect pests. For example, pests
such as leaf-eating insects can cause circular transparent spots on leaves. Powdery mildew
can lead to tiny white powdery spots on leaves, gradually expanding into dirty white to
tan-colored round spots. This dataset includes not only common plant diseases like brown
spot, and powdery mildew, but also specific diseases unique to certain plant varieties, such
as cotton leaf curl disease.

During the experiment, for the purpose of testing the accuracy, speed, generalization,
and other performance aspects of the model, the dataset in this paper selected rice as
a representative of grain crops, and cotton as a representative of economic crops. The
pictures are collected and arranged from the Kaggle platform (https://www.kaggle.com/,
1 May 2024), which is an online community for data scientists. The specific categories
and quantities are shown in Table 1 below. In the experimental process, the rice dataset is
divided into training sets, verification sets, and test sets in a ratio of 8:1:1, while the ratio of
the cotton dataset is 6:2:2.
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Table 1. Specific categories of diseases and pests and quantities.

Plant Categories Categories Codes Quantities Image Examples

Blast S0 18,239
rice Blight S1 20,498
Brown spot S2 32,172

Alternaria Leaf Spot MO 92

Curl Leaves M1 90

cotton
Foliar disease M2 541
Herbicide M3 761

4.2. Experimental Process

With the intention of verifying the performance of the improved model in various as-
pects, this paper sets up a comparative experiment to show the superiority of the improved
model and sets out the ablation experiments to prove the feasibility of the improvement
strategy. Aimed to ensure the rigor and accuracy of the experiment, similar environmen-
tal parameters and model parameters are set up as much as possible. The development
language of this model is mainly Python 3.9. The operating system is Linux. The graphics
card is Tesla V100S PCle 32 GB (NVIDIA, Santa Clara, CA, USA). The Batch Size is set to 16.
The training loss variation curves are shown in Figure 8 below, where the model gradually
converges with increasing iterations and reaches stability after 150 rounds of training. The
training results are used as the final weight parameters.
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Figure 8. Training loss variation curves.

During the ablation experiments, this study adopts the YOLOv8 model with no
improvement, partial improvement, and complete improvement for recognition and detec-
tion, and finally employs comprehensive comparative analysis of the detection results of
all situations.

In the comparative experimental stage, this study uses the Faster R-CNN model in the
One-stage detection algorithm, the YOLOv7 and YOLOvS8 models in the Two-stage target
detection algorithm, and the improved YOLOv8 model for comparison experiments.

4.3. Experimental Evaluation Scheme

In order to comprehensively evaluate the performance of the model, this paper chooses
commonly used evaluation metrics of the YOLO algorithm, including precision, recall rate,
average precision (AP), mean average precision, and F1 score. These metrics are based
on many predicted results, which are statistically classified and calculated. The predicted
results in the statistical process can be divided into four categories: true positive (TP) for
correctly predicting positive samples, false negative (FN) for wrongly predicting negative
samples, true negative (TN) for correctly predicting negative samples, and false positive
(FP) for wrongly predicting positive samples. Here, positive samples represent targets,
while negative samples represent backgrounds.

(1) Precision

The precision means the proportion of true positives among all samples classified
as positive, which indicates the accuracy of the predictions. The calculation formula is

as follows:
TP

P=Tp1Fp

(2)
(2) Recall rate
The recall rate indicates the proportion of being correctly classified as true positives
among all actual positive samples, indicating whether detected targets are complete or not.
The calculation formula is as follows:

TP

R=TprFN ®)

(3) AP

The average precision can evaluate the comprehensive performance of the detection
accuracy and recall rate of the model on different categories. Based on the area under the
precision-recall (PR) curve, it is calculated. The value of the average accuracy ranges from
0 to 1, where a higher value indicates a better detection performance.

(4) mAP
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As an important indicator for measuring the performance of the target detection
algorithm, the mean average precision indicates the comprehensive calculation of precision
at different recall rates for each category. The calculation formula is as follows: 1 represents
the number of categories, m represents the number of targets under this category, and P(r)
means that the precision value of the recall rate is R. The higher the mAP value, the better
the performance of the algorithm in detecting targets of each category.

mAP — jlzuzpm] @

(5) F1 score
The F1 score considers both precision and recall, and it is the harmonic mean of
precision and recall. The calculation formula is as follows:

_2><P><R

F1= TR )

The above indicators can evaluate the model in terms of detection accuracy, positioning
accuracy, and other aspects, thereby expressing the overall performance of the model. In
addition, the FPS index is required to evaluate the detection speed of the model. The FPS
value represents the number of images that the model can process per second.

5. Analysis of Experimental Results
5.1. Ablation Experiment

To verify the application effect of the improvement strategies mentioned earlier, this
paper sets four groups of experiments based on the principle of ablation to analyze the role
of different modules on model improvement. This experiment is conducted on two datasets
of rice and cotton, and all experimental groups have the same environmental parameters
and model parameters. The experimental results are shown in Table 2 below, indicating
that the improved model has different enhancement effects in both detection accuracy and
detection speed.

Table 2. Results of the ablation experiment. The “x” means that the module is not added. The “+/”
means that the module is added in the model.

Model GAM RFA Conv Rice Cotton
mAP F1 FPS mAP F1 FPS
YOLOVS x x 66.47% 047 57.18 79.56% 0.71 57.82
Version 1 W x 67.66% 0.51 56.45 80.91% 0.75 56.76
Version 2 x W 68.04% 0.48 56.10 80.01% 0.72 56.32
Version 3 N N, 71.27% 0.53 55.57 82.91% 0.77 55.65

The ablation experiments can demonstrate the performance of the proposed model in
this paper under different improvement states. In Version 1, the GAM module is enabled,
and inserted after the SPPF module in the Backbone network. Its main role is to weigh
important feature information, thereby improving detection accuracy. The experimental
results demonstrate that the model in Version 1 improves the detection accuracy on both
datasets, with better performance on the cotton dataset with complex disease and pest
categories. However, there is a loss in detection speed. Version 2 enables the RFA Conv
module, that is, in the mixed feature part of the Neck, the RFA Conv method replaces
standard convolution operations. Its main function lies in the reduction of calculation
costs, thereby increasing the calculation speed. The experimental results show that the
model in Version 2 improves the calculation speed on both datasets. Version 3, building
on Version 2, enables the GAM to improve the accuracy of calculation while maintaining
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the calculation speed. According to experimental data, the above-mentioned improved
modules have different degrees of improvement in the accuracy and speed of the model.
The improved model mAP values reach 65.97% in the rice dataset and 82.91% in the cotton
dataset, representing an average improvement of 3.3% compared to the original model.
The average F1 score reaches 0.53 in the rice dataset and reaches 0.77 in the cotton dataset,
having an average increase of 0.055. The improvements in the above indicators show
that the proposed model in this paper has strong reference significance for improving the
accuracy of recognition models of plant pests and diseases.

To assess the reliability of the test results, this paper set confusion matrices to analyze
the proposed improved YOLOv8 model and the original YOLOv8 model. The results of
the confusion matrices are shown in Figure 9.

Blast Blast

Blight Blight

Predicted CLass
Predicted CLass

Brown spot 025 Brown spot

Blast Blight Brown spot Blast Blight Brown spot
True Class True Class

a. The original YOLOvV8 model in the rice dataset b. The proposed improved YOLOvS8 model in the rice dataset

08 Altemaria Leaf Spot 0.07 0.1 007

Curl Leaves 0.11 . 0.06

Foliar disease 0.04 0.03

Altemaria Leaf Spot

0.6
Curl Leaves 0.09 . 0.09 026
0.5

Foliar disease 0.05

Predicted CLass
Predicted CLass

Herbicide 0.02 Herbicide 0.02 0.04

True Class True Class

c. The original YOLOV8 model in the cotton dataset d. The proposed improved YOLOv8 model in the cotton dataset

Figure 9. The confusion matrices generated by the proposed improved YOLOv8 model and original
YOLOv8 model.

The confusion matrix consists of row vectors representing the predicted class and
column vectors representing the true class. Upon examining the confusion matrix of
the proposed improved YOLOvV8 model, it is evident that the recall rate experienced a
significant increase compared to that of the original YOLOv8 model. Specifically, in the
rice dataset, the average recall rate saw an improvement of 8.51%. However, there are
a few classification errors in the blast and brown spot categories, possibly due to the
misjudgments due to the similarity in shape and color of these two diseases. In the cotton
dataset, the majority of categories were correctly detected, with the recall rates reaching 0.93
and 0.92 in the foliar disease and herbicide categories, respectively. Overall, the improved
model demonstrates a relatively reliable ability to extract features from images, resulting in
improved detection accuracy.

5.2. Comparative Experiment

With the aim of verifying the significant advantages of the improved model proposed
in this paper compared to other models, multiple groups of comparative experiments are
set up. The Faster R-CNN, YOLOv7, YOLOVS, and the improved YOLOvS are employed to
rice and cotton datasets, and a comparative analysis of visualization results and evaluation
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results is performed. To ensure the reliability of the comparison results, all experimental
parameters are kept the same, along with identical experimental environment settings.

In the comparison stage of the visualization results, each typical disease and pest is
tested by experimental models. Different models present different effects on the detection
of typical diseases and insect pests. The results are shown in Figure 10.

Faster R-CNN YOLOvV7 YOLOvV8

Figure 10. Recognition results of different models for typical diseases and pests.

Figure 9 indicates the testing results of each model in different typical diseases and
pest recognition tasks, respectively. Through the comparison analysis of the experiment, the
overall performance of the Faster R-CNN model is poor. The main problems include the low
matching accuracy of predicted bounding boxes and instances of missed detections. The
model also exhibits different detection effects on the rice and cotton datasets. Compared to
the Faster R-CNN, YOLOV? has a better overall performance, but there are still some missed
examinations, and the performance is unstable during the testing of different disease and
pest categories. YOLOvV8 shows good performance, but it has lower confidence levels for
certain disease and pest categories, and its results for detecting small targets are subpar.
Based on analysis of typical and numerous samples, the improved YOLOvVS8 proposed
in this paper shows higher confidence in target detection, better matching accuracy of
predicted boxes, fewer missed detections, and more comprehensive detection of small
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targets compared to other detection models. In conclusion, the improved model proposed
in this paper demonstrates superior visual detection results.

In the comparison stage of the evaluation results, mAP values, F1 values, and FPS
values are used to measure the performance of different models. The results are shown in
Table 3.

Table 3. Test results of different models.

Model Rice Cotton
mAP F1 FPS mAP F1 FPS
If_ aCSIt\?lr\I 49.33% 0.45 22.78 76.88% 0.65 23.58
YOLOV7 61.80% 0.49 57.20 78.36% 0.66 57.89
YOLOVS 66.47% 0.47 57.18 79.56% 0.71 57.82
Ours 71.27% 0.53 55.57 82.91% 0.78 55.65

Analyzing the above, the Faster R-CNN performs poorly compared to other models in
terms of accuracy and speed. Compared to YOLOvS, YOLOV7 has faster detection speeds
but lower detection accuracy, and its overall performance is not outstanding. This is because
the YOLOv8 model has a more complex network structure with more calculated parameters,
resulting in a loss of detection speed while maintaining detection accuracy. From the
perspective of the evaluation indicators and comparing the improvement percentages,
in the rice dataset, the improved model in this paper achieves a 7.13% increase in mAP
compared to YOLOvS and a 44.48% increase compared to the Faster R-CNN. The F1 score
is improved by 13.78% over YOLOvVS and 17.77% over the Faster R-CNN. In the cotton
dataset, the improved model in this paper achieves a 4.21% increase in mAP compared to
YOLOVS and a 7.84% increase compared to Faster R-CNN. The F1 score is improved by
9.86% over YOLOvVS8 and 20% over the Faster R-CNN. The above computed result fully
demonstrates that the proposed model in this paper makes significant advancements in
detection accuracy compared to other traditional mainstream methods.

In summary, combining with visualization results and evaluation results, the pro-
posed model in this paper outperforms traditional YOLO models notably in small defect
detection and accurate matching of detection boxes. It exhibits higher detection accuracy
and efficiency, demonstrating certain superiority.

6. Conclusions

For the sake of achieving accurate and efficient testing and identifying the mission
of plant diseases and pests, this paper proposes an improvement method based on the
YOLOvS8 model. The superiority of the proposed method is verified by the analysis of
experimental data. The main research contents of this paper are as follows.

(1) In the Backbone network, after the SPPF module and before the output features, the
GAM is adopted to weigh the important feature information, thereby improving the
accuracy of the model.

(2) In the mixed feature part of the Neck, the RFA Conv method is used instead of stan-
dard convolution operations to enhance the processing ability of feature information,
reduce computational complexity and costs, and improve network performance.

(3) In terms of data calculation, the improved model is concentrated in rice datasets
and cotton data. The mAP values reach 71.27% and 82.91%. In the ablation and
comparison experiments, compared to other models, it shows lower missed detection
rates, higher target matching rates, and higher detection accuracy.

Therefore, the application of the improved model proposed in this paper to plant pests
and diseases is of great significance for promoting high-quality agricultural development.
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