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ABSTRACT

Tea is an significant crop and deeply loved by individuals.However,
various climatic factors and other factors may lead to tea diseases, resulting in the
decline of tea gquality and yield. In earlier times, identification of tea leaf diseases and
pests was manual and inefficient.

With the increasing application of Al(artificial intelligence),deep learning
and image recognition technology in the field of agriculture, deep learning models
have achieved a certain improvement in accuracy of pests and diseases classification
and recognition in tea leaf. However, there remains potential for additional
enhancement in both model parameters and overall performance,so this paper
introduces a method with improved efficiency and precision for intelligent
identification in tea leaf diseases and pests.The main research contents and
conclusions of this thesis are as follows:

(1) Three classification models VGG16, Resnet50 and DenseNet169 were
used to categorize and identify common amongst diseases of tealeaf. By
accommodating the relevant parameters of these three identification models and the
learning rates, the performances of the three convolutional neural networks were
analyzed and compared. The simulated test results showed that VGG16, Resnet50,
and DenseNet169 achieved the highest accuracy rates of 90.6%, 95.2%, and 99.0%,
respectively.DenseNet169 . provided the fastest convergence  speed and = the
highest accuracy among the models.

(2)The deep . learning target detection. models were proposed, for
automated recognition of common tea leaf diseases and pests. Firstly,this study
proposed an improved YOLOV5 (You Only Look Once version 5) algorithm method
based on deep learning,which improved the model structure of YOLOV5 and integrate
Omni Dimensional Dynamic Convolution (ODConv) and Convolutional Block
Attention Module (CBAM) attention mechanisms into YOLOV5. The results show
that the accuracy of the improved YOLOV5 is higher than that before the
improvement and superior to other methods, including Faster R-CNN(Faster region-
based convolutional neural networks), SSD(Single Shot MultiBox Detector) .Then,



the latest models of deep learning target detection YOLO such as YOLOv10s,
YOLOvV9s and YOLOv8s were applied to automatic identification of tea pests and
diseases. The comparison of performance metrics indicated that the model based on
YOLOvV10s performed the best. As shown by the test evaluation results, precision,
recall, mAP50(mean of Average Precision), F1-Score,these values are all higher than
those achieved by others.

(3) Using the optimal YOLOv10s model, a software system with a
graphical interface was developed using Python and PyQt5. It effectively supports
detection of data such as images, videos, and cameras, and also supports saving the
detection results.lt is capable of real-time and off-site detection of tea diseases.

Based on this proposed model with deep learning techniques,
identification of tea leaf diseases and pests will be significantly improved for all the
terms of higher efficiency, less costs, as well as enhanced quality and sustainability of
tea production.In addition, the models showed the possibility of the precise diagnosis
and identification of other crop leaf diseases as well.

Keyword : Tea leaf diseases and pests, Deep learning techniques, Image recognition,
YOLOv10s, PyQt5
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Chapter 1 Introduction
I. Research background

Tea is an important economic crop [1]. Tea is famous as one of the three major
beverages in the world and is called the emperor of oriental beverages. People love to
drink tea, and tea contains many nutrients that pecople need. Therefore, there are many
research works to increase the productivity of tea production[2, 3].So the tea is an
important cash crop, and tea trees are also planted in a large area on the earth.

However, in the process of tea planting, tea diseases can also reduce the
quality of tea and cause serious economic losses to the tea plantation. Accurately
identify tea diseases and take timely preventive and control measures to reduce tea
production losses, improve tea quality, and improve the income of tea plantations is of
great significance. According to statistics, there are more than 900 kinds of tea tree
pests and diseases recorded, When the tea leaf is healthy the color is distinct, but
when the leaf is affected by disease, the color of the leaf changes drastically. Each
disease usually has a distinguishable leaf color and texture as symptoms. And the
control of tea tree pests and diseases is also a major task of tea tree management.

Common tea leaf insects are found in tea gardens. Tea Green Leafthopper: This
insect is one of the primary pests in tea gardens. It feeds on tea leaf sap, leading to
leaf yellowing and reduced yields. Tea Tussock Moth: The larvae of this moth feed on
tea leaves and can severely impact the growth of tea bushes. Tea Geometrid Moth:
The larvae of this insect can also damage tea leaf foliage, causing leaf consumption.
Tea Leafhopper: Another insect that feeds on tea leaf sap, potentially causing leaf to
yellow and curling.

At present, tea leaf diseases are primarily identified by manual[4]. Advances
in computing technology, such as the use of deep learning and digital image
processing, can be used for the detection and identification of diseases in plants[5].For
the last few years, with the rapid development of smart agriculture and precision
agriculture, computerized image recognition technology has been increasingly applied
to solve many difficult problems in agricultural science[6]. With the rapid
development of deep learning and the significant improvement in computational
power, object detection algorithms have transitioned from traditional algorithms based

on handcrafted features to object detection techniques based on deep learning.



Convolutional Neural Networks (CNNs) are used by the deep learning-based target
detection technique to extract features[7]. Convolutional Neural Networks (CNNs)
specialize in image and video recognition tasks. CNNs are able to automatically learn
features from images, which makes them well suited for tasks such as image
classification, object detection, and image segmentation. Deep learning-based models
have outperformed previous artificial intelligence systems in a number of domains,
including speech recognition, language processing, and computer vision[8].

Deep learning is a branch of machine learning that involves writing algorithms
that mimic human brain functions. It is a change from manually selecting object
features to selecting features through neural networks themselves. Deep learning also
comprises some different deep learning algorithms. Deep learning refers to the use of
artificial neural network architectures that contain a quite large number of processing
layers. In order to improve learning performance, neural networks have a higher level
of representation learning (deeper). Deep learning refers to changing the manual
selection of object features to selecting features through neural networks themselves.
In order to improve learning performance, neural networks have a higher level of
representation learning (deeper).

Deep learning (especially Convolutional neural network, CNN) has made a
breakthrough in image detection and identification. Compared with traditional
methods, deep learning-based image classification methods have the following
advantages:

Automatic feature extraction: Deep learning models can automatically learn
features suitable for tasks without the need for manual design.

End-to-end training: Feature extraction and classifier training are conducted
jointly, which helps to discover better feature representations.

High performance: Deep learning methods have achieved state-of-the-art
performance in many image classification tasks, making them more accurate than
traditional methods.

Deep learning technology offers robust instruments and approaches for
artificial intelligence, allowing it to attain notable accomplishments in object
detection endeavors. The integration of feature extraction and classifier training

enables deep learning models to autonomously acquire task-relevant features without



the need for manual formulation, thereby aiding in the identification of superior
feature representations. Object detection in images is an important task in deep
learning, focusing on identifying multiple objects and their locations within an image,
and is applicable for detecting multiple objects.

Image classification and image object detection are two distinct tasks in deep
learning, with their differences primarily manifested in their objectives and
approaches. Image classification focuses on categorizing the entire image into a
predefined class, while image object detection concerns recognizing multiple objects
within an image along with their positions. Image classification is typically used for
scenarios involving the recognition of single objects, whereas image object detection
is applicable for detecting multiple objects.

The application of deep learning in the field of pest identification and the
optimization of various algorithms have greatly improved the efficiency and accuracy
of pest identification, but there are still many problems in the research and
development of artificial intelligence in the identification of tea tree pests.

In practical applications, the environment of tea gardens is complex, light,
weather, etc. That will have a certain impact on the collection of pictures, and when
pests and diseases occur, they will be blocked by tea leaves and young shoots, which
will have a certain impact on the recognition effect. The identification of dynamic tea
garden pests is difficult to identify, and its identification accuracy needs to be
improved. Target detection algorithm based on deep learning, as follows:1.accuracy;2.
real-time performance;3. multi-scale;4.labeling scheme;5.target overlap;6.model
training; 7.repetitive coding 8.data enhancement;9.sample imbalance, etc.

PyTorch is a fully functional framework for building deep learning models,
commonly used in machine learning applications such as image recognition and
language processing. PyTorch is mainly used to build neural networks and perform
tensor operations. It is written in Python. It fully supports GPU and uses the reverse
mode Automatic differentiation technology, so it can dynamically modify the
calculation graph. PyTorch benefits from its streamlined and flexible interface design,
allowing it to quickly build and debug network models, and has received rave reviews

in the academic community.



II. Objectives

Regarding deep learning in the context of two distinct tasks: image
classification and object detection, the key Objectives of this research are:

(1) Collecting and organizing datasets: collecting and organizing data pictures
related to tea pests and diseases and carrying out corresponding data processing to
provide training datasets for model training, Search and study more on how to classify
the types of pests or diseases for tea leaves. An improved model for classifying tea
plant diseases was proposed.

(2) Training model: The deep learning target detection models were proposed,
for automated recognition of common tea leaf diseases and pests. Firstly,this study
proposed an improved YOLOVS (You Only Look Once version 5)[9] algorithm
method based on deep learning, which improved the model structure of YOLOV5 and
integrate Omni Dimensional Dynamic Convolution (ODConv)[10] and Convolutional
Block Attention Module (CBAM)[11] attention mechanisms into YOLOvS. The
results show that the accuracy of the improved YOLOVS is higher than that before the
improvement and superior to other methods, including Faster R-CNN(Faster region-
based convolutional neural networks)[12], SSD(Single Shot MultiBox Detector)[13] .

(3) Model Performance Comparison: Then, the latest models of deep learning
target detection YOLO [14]such as YOLOv10s, YOLOv9s and YOLOvS8s were
applied to automatic identification of tea pests and diseases. The comparison of
performance metrics indicated that the model based on YOLOvIO0s performed the
best. As shown by the test evaluation results, precision, recall, mAP50(mean of
Average Precision)[15], F1-Score[ 16], these values are all higher than those achieved
by others. This not only helps us to select the most suitable model for specific needs
in practical applications but also guides the subsequent model optimization and tuning
efforts with a view to obtaining higher detection accuracy and speed. Ultimately,
through this systematic comparison and analysis, we can better understand the
robustness, generalization ability, and detection performance of the models on
different categories, providing a solid foundation for developing more efficient
computer vision systems.

(4) Visualization system production: Based on the best-performing model

obtained after training, a software system with a graphical interface was developed



using Python and PyQt5. It effectively supports detection of data such as images,
videos, and cameras, and also supports saving detection results. It is capable of real-
time and off-site detection of tea diseases.
I11. Benefits of the research

This research can improve the identification and detection efficiency of tea
pests and diseases. This research focuses on tea plant diseases in natural scene images,
applying deep learning and image processing techniques to the detection and severity
estimation of tea plant diseases in such images. This approach enables precise
detection and localization of tea plant diseases, identification of disease categories,
and estimation of disease severity. This is beneficial for reducing labor costs, aiding
precise pesticide application, and enhancing tea yield and quality,and the development
of smart tea plantations. This research can provide reasonable suggestions for farmers
to actively prevent diseases and insect pests and solve the problem of intelligent tea

garden disease and insect pests’ identification.



Chapter 2 Literature Reviews

In this chapter, the application techniques of deep learning for tea disease
classification and target detection are studied, including traditional convolutional
neural network techniques, existing deep learning techniques.
I. Research status of classification of tea leaf pests and diseases

1.1 Convolution neural network

In this research, an automated system has been developed for detecting three
different types of tea leaf diseases using Support Vector Machine (SVM) with less
number of features. The proposed method is able to classify the disease more
accurately (93%) compared to the other classifiers and neural network (91%)[17].In
this paper, CNN model is used to recognize the image of tea leaf diseases. ReLU
linear function is used as the activation function of neurons to accelerate the
convergence of the network. By adjusting the learning rate, the number of iterations
and the addition of dropout, the network can achieve high recognition accuracy, which
is conducive to the identification and classification of tea diseases. the recognition
algorithm based on CNN is better in classification and can improve the recognition
efficiency of tea leaf diseases -effectively[18].This paper basically adopted
convolutional neural network (CNN) model to detect and identified these two disease
using convolutional neural network (CNN). The proposed works basically found a
solution of the tea leaf disease detection using simplest method while keeping
minimum computational complexity and minimal resource to gain fast and accurate
result as convolutional neural network (CNN) au-tomatically extracts features for
classification of input image into various classes. The experimental resulted on the
developed model achieved precision approximately 95.93%][19]. The CNN model was
used to classify tea leaf disease using the MobileNetV2 backbone, Adam optimizer,
and rectified linear unit (ReLU) activation function with 224x224 input data. The
proposed model attained the highest performance, as evidenced by the accuracy value
0.9455[20].In this proposed work, they have applied the Convolutional Neural
Network(CNN) model with 1 input layer, 4 convolution layers, and 2 fully connected
layers. The image is passed to the input layer. The convolution layers mainly extract

features from the input image in the dataset and the output layer classifies the given



image to 8 classes such as the normal leaf, Algal leaf spot, Gray blight, White spot,
Brown blight, Red scab, Bud blight, and Grey blight[21].
1.2. Deep learning neural networks model

In this study, the researchers propose the Convolutional Neural Network (CNN)
for tea disease detections. The researchers focus on the implementation of
concatenated CNN, namely GoogleNet, Xception, and Inception-ResNet-v2, for this
task[22].Specialized deep learning models were developed,based on specific
convolutional neural networks architectures, for the identification of plant diseases
through simple leaves images of healthy or diseased plants. The most successful
model architecture, a VGG convolutional neural network, achieved a success rate of
99.53% (top-1 error of 0.47%) in the classification of 17,548 previously unseen by the
model plant leaves images (testingset)[23]. Materials: A CNNs model named LeafNet
was developed with different sized feature extractor filters that automatically extract
the features of tea plant diseases from images. DSIFT (dense scale-invariant feature
transform) features are also extracted and used to construct a bag of visual words
(BOVW) model that is then wused to classify diseases via support vector
machine(SVM) and multi-layer perceptron(MLP) classifiers. The performance of the
three classifiers in disease recognition were then individually evaluated. Results: The
LeafNet algorithm identified tea leaf diseases most accurately, with an average
classification accuracy of 90.16%][6].The disease spot samples are augmented by C-
DCGAN, and VGG16 deep learning networks are trained to realize disease spots
identification. Experimental results show that the combination of traditional machine
learning methods and deep learning methods can effectively identify tea leaf's
diseases with complex background[4].The purpose of this paper is to develop a deep
CNNs called LeNet to discover the tea plant diseases from leaf image set. As a result,
LeNet the perfect CNN model used in further applications to improve the diagnostic
measurement of tea leaves as well as other plant leaves[24].This paper adopted the
Convolutional Neural Network (CNN) architectures, namely ResNet-50 and Inception
V3, to classify six types of diseases that attack leaves. The batch sizes used are 16, 32,
and 64. Using three different batch size scenarios for each model, it shows that
ResNet-50 has better performance on batch size 32 with an accuracy value of 97.44%,

while Inception V3 has the best performance on batch size 64 with an accuracy of



97.62%[5].This study proposes a method based on an improved deep convolutional
neural network (CNN) for tea leafdisease identification. A multiscale feature
extraction module is added into the improved deep CNN of a CIFAR10-quick model
to improve the ability to automatically extract image features of different tea leaf
diseases. The depthwise separable convolution 1s used to reduce the number of model
parameters and accelerate the calculation of the model[25].Three models are used in
this system in which two were pre-trained. They are Faster RCNN (Inception-v2), and
VGG16. The other one is manually trained, that is Sequential model or CNN[26].In
this study, more than 1000 images of tea leaves are used to train the model based on
faster region-based convolutional neural network (Faster R-CNN)[27].The integration
of multiple CNN modules enabled MergeModel to extract a variety of discriminative
features. The identification ability of MergeModel was improved compared with a
single neural network. The weight initialization method encoded the diseased leaf
features into the convolution filter, which helped the model to concentrate on learning
important features at the beginning of training. In addition, this study used a small
number of diseased tea leaf images as the original training samples and generated new
training samples through the unconditional generation model, namely, SinGAN, for
data augmentation[28].In this paper, They use pre-trained models on imageNet data
and re-train them on our data to detect tea leaf diseases. Those pre-trained models use
deep convolutional neural network (DCNN) architectures: VGGNet, ResNet, and
Xception.To mitigate the difference tasks of ImageNet and themselves, they apply
fine-tuning on the pre-trained models by replacing some parts of the pre-trained
models with new structures[29]. Studies on the classification of tea diseases are
summarized in Table 1.

Table 1Description of the literature

The year of Classification The technique of Model
publication of Infections training Correctness
Xiaoxiao SUN et Seven kinds CNN 93.7%
al[10]2018

Md. Selim Hossain et | Three typess Support Vector Machine 93%
al[9]2018

Hu Gensheng et al Three kinds VGG16 90%
[4]2019

Jing Chen et al[6]2019 | Six kinds CNN 90.16%
Dikdik Krisnandi et Four kinds GoogLeNet, Xception, and | 89.64%
al[14]2019 Inception-ResNet-v2




The year of Classification The technique of Model
publication of Infections training

Correctness
Hu Gensheng et Three kinds Improved deep CNN 92.5%
al[20]2019
ShyamtanuBhowmik Two kinds CNN 95.93%
et al[11] 2020
Gayathri etal[18]2020 | Four kinds LeNet model 90.23%
Mahadi Hasan Kamrul | Five kinds Faster RCNN 96.28%
et al[21]2020
Ade Ramdan et al Four kinds ResNet 94.05%
[24]2020
R.S.Latha et al Six kinds CNN 94.45%
[13]2021
Hu Gensheng et al[23] | Five kinds multi-convolutional 94%
2022 neural network (CNN)
Hairah et al[12]2024 Six kinds MobileNetV2 94.55%
Liana et al[5] 2023 Five kinds Inception V3 97%

I1. Research status of detection of tea leaf pests and diseases

This study proposes an improved RetinaNet target detection and identifcation
network, AX-RetinaNet, which is used for the automatic detection and identifcation of
tea leaf diseases in natural scene images. AX-RetinaNet uses an improved multiscale
feature fusion module of the X-module and adds a channel attention module,
Attention. The feature fusion module of the X-module obtains feature maps with rich
information through multiple fusions of multi-scale features. The attention module
assigns a network adaptively optimized weight to each feature map channel so that the
network can select more efective features and reduce the interference of redundant
features. This study also uses data augmentation methods to solve the problem of
insufcient samples[1].A Retinex algorithm is wutilized to enhance the original images
and reduce the influence of light variation and shadow. The TLB (tea leaf blight)
leaves are detected using a deep learning framework called Faster Region-based
Convolutional Neural Networks, to improve the detection performance of blurred,
occluded, and small pieces of diseased leaves. The detected TLB leaves are inputted
into the trained VGG16 networks to achieve severity grading and facilitate disease
severity analysis[30].They proposed an improved tea disease detection model called
TSBA-YOLO. They use the dataset of tea diseases collected at the Maoshan Tea

Factory in China. The self-attention mechanism was used to enhance the ability of the
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model to obtain global information on tea diseases. The BiFPN feature fusion network
and adaptively spatial feature fusion (ASFF) technology were used to improve the
multiscale feature fusion of tea diseases and enhance the ability of the model to resist
complex background interference. They integrated the Shuffle Attention mechanism
to solve the problem of difficult identifications of small-target tea diseases. Finally,
SIoU was used to further improve the accuracy of the regression[31].They propose
YOLO-Tea, an improved model based on You Only Look Once version 5 (YOLOVS).
Firstly, they integrated selfattention and convolution (ACmix), and convolutional
block attention module (CBAM) to YOLOVS to allow their proposed model to better
focus on tea tree leaf diseases and insect pests. Secondly, to enhance the feature
extraction capability of our model, they replaced the spatial pyramid pooling fast
(SPPF) module in the original YOLOvS with the receptive fifield block (RFB)
module. Finally, they reduced the resource consumption of their model by
incorporating a global context network (GCNet)[32].

The improved YOLOVS has also been widely used in other plant diseases. In this
study, a recognition method of soybean pods and estimation of pods weight per plant
were proposed based on improved YOLOvS model[33]. To accurately recognize plant
diseases under complex natural conditions, an improved plant disease-recognition
model based on the original YOLOvVS network model was established. First, a new
InvolutionBottleneck module was used to reduce the numbers of parameters and
calculations, and to capture long-distance information in the space. Second, an SE
module was added to improve the sensitivity of the model to channel features. Finally,
the loss function ‘Generalized Intersection over Union’ was changed to ‘Efficient
Intersection over Union’ to address the former’s degeneration into ‘Intersection over
Union’[34]. They proposed an improved YOLO v5 algorithm based on a shallow
feature layer. There are two main core ideas: (1) to increase the perceptual field by
adding quadruple down-sampling in the feature pyramid to improve the detection of
small targets, and (2) introducing the CBAM attention mechanism into the neural
network to solve the problem of gradient disappearance during training[35]. Aiming at
the problem of peach tree leaf diseases in modern orchards, this work proposes a
lightweight identification method based on the combination of improved YOLO v5

and ShuffleNet to achieve accurate identification of peach tree leaf diseases in the
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natural environment[36]. In this paper, an improved SE-YOLOvS5 network model is
proposed for the recognition of tomato virus diseases[37]. this paper proposes a
method based on YOLOvVSs with an improved attention mechanism, which can
accurately detect the number of small-scale wheat spikes and better solve the
problems of occlusion and cross-overlapping of the wheat spikes[38]. Most current
crop diseases present small targets, dense numbers, occlusions and similar appearance
of different diseases, and the current target detection algorithms are not effective in
identifying similar crop diseases. Therefore, in this paper, an improved model based
on YOLOvS5s was proposed to improve the detection of crop diseases[39]. Current
detection methods for apple leaf diseases still suffer some challenges, such as the high
number of parameters, low detection speed and poor detection performance for small
dense spots, which limit the practical applications in agriculture. Therefore, an
efficient and accurate model for apple leaf disease detection based on YOLOVS is
proposed and named EADD-YOLQ[40].

Deep Learning Target Detection The latest models of YOLO, such as
YOLOvV10s, YOLOvV9s and YOLOVSs, have also been used in crop detection, but less
so in the detection of tea diseases.YOLOvS, which was released in 2023, is especially
well-suited for edge deployment as it has additional improvements to build upon the
success of YOLOVS [41]. A new model called YOLOv8n-ShuffleNetv2-Ghost-SE
was introduced in order to efficiently monitor apple fruits in smart orchards for the
duration of their growth[42] . In the detection process, they introduced the self-
developed lightweight down-sampling module (LDM) and the improved FC-
FasterNet module. Additionally, they implemented the VoV-GSCSPC module to
reduce computational complexity and integrate simAm to enhance attention to target
details. To simulate real field conditions more realistically, we include samples of
beneficial insects. The results indicate that the AW-YOLOv8 model achieves a 92.0%
mean Average Precision (mAP) for cotton pest detection[43].The utilization rate of
automated tomato harvesting is low, which is addressed by a proposed tomato
automatic identification approach based on an enhanced YOLOvV8s model [44]. In
order to maintain crop health, the Light-SA YOLOVS (Lightweight Self-Attention
YOLOVS8) model is presented. It is designed especially for real-time detection in
intricate environments[45]. The YOLOv8-DMAS model is suggested for the
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identification of cotton weeds in intricate settings[46]. Xie et al.[47]proposed a
original model named Tea-YOLOvVS8s to address the issues of low detection precision
induced by the difficult environments of tea plant leaves. Based on YOLOVS, this
work suggests YOLOv8-HD, a new wheat seed detection network[48]. The objective
of the study is to introduce a new model based on the modified YOLOvVS architecture

in order to improve the efficiency of tea diseases and pests’ recognition [49]. With its

strategic architectural changes aimed at overcoming the challenges of information loss

in deep neural networks—a crucial factor in maintaining detection accuracy and
system efficiency—YOLOV9 stands out in object identification [S0]. The Generalized

Efficient Layer Aggregation Network (GELAN) and the Programmable Gradient
Information (PGI) framework are two of YOLOV9's primary developments[51].
Compared to YOLOVS, the deep model's superior design enables it to cut both the
number of specifications and computations by 49% and 43% [52]. A more precise and
efficient way to automate the monitoring process is presented in this study. Utilizing
YOLOVY, the most recent version, makes it possible to categorize tomato maturity
stages and makes tomato counting easier[53]. Comprehensive tests show that, in
comparison to other cutting-edge detectors, the YOLOvV10 achieves cutting-edge
performance while balancing efficiency[54].

III. Summary

In conclusion, the research on status of classification,detection and
identifcation of tea leaf pests and diseases in the literature cited in this paper has the
following characteristics:

1. The speed and accuracy of traditional neural network models for detecting
and recognizing tea leaf pests and diseases are not very high.

2. Deep learning models have achieved a certain improvement in the accuracy
of tea leaf pests and diseases classification and recognition. However, there is still
room for further improvement in terms of model parameters and performance.

3. We want to migrate the trained deep learning model to a real production
environment and develop a graphical interface to provide users with an easy-to-use
interactive interface.How to design an intuitive interface layout so that users can

easily understand how to use the application. Typically, the interface should include
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an area for uploading images, a button to start categorizing, an area for displaying
results, and possibly options for further action. The human-computer interface (HCI)
should be simple to use, enabling users to upload images and easily access model
classification results, while providing additional functionality to enhance the user
experience.

Based on the above research, this paper proposes according to the
characteristics of several tea diseases, the identification model of diseases and insect
pests is constructed to accurately identify the types of tea diseases and insect pests,
This algorithm needs to take into account the accuracy and speed at the same time to
improve the efficiency.and then provide reasonable suggestions for farmers to actively
prevent diseases and insect pests, and solve the problem of intelligent tea garden

disease and insect pests identification.
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Chapter 3 Research Methodology

In this chapter, the basic methodology of the study is described, as well as
common tea leaves diseases classification models and optimization algorithms, and
then two common tea leaves diseases detection and identification models, as well as
model improvement methods.

I. Research methods

(1) Literature research method: Searching for relevant literature materials,
conducting in-depth study and research on technologies and theories related to tea
disease detection and recognition techniques, deep learning models, algorithms, etc.
Continuously improving the theoretical framework, and exploring research ideas and
strategies.

(2) Experimental method: Collecting sample data, utilizing the Windows
operating system, employing the PyTorch 1.7.0 framework, and conducting training
using graphics cards. Writing code using the Python language. Through model
training, calculating the accuracy and speed of tea disease classification, detection,
and recognition.

(3) Comparative method: After conducting research and comparing the
advantages and disadvantages of deep learning frameworks, convolutional neural
networks, and object detection models, an object detection experimental platform
suitable for this study was established. The various techniques used for training
several target classification and detection models in this study were introduced,
covering fundamental algorithm concepts, computational processes, specific
operational methods, and improved algorithms. Through experimental comparisons,
the foundational object detection model for this study was selected.

I1. Classification of tea leaf pests and diseases based on deep learning techniques

This study first focuses on six categories of images, including common
infections of tea leaves with five types of diseases and healthy leaves. The three
improved deep convolutional neural network models, namely VGG-16, ResNet-50,
and DenseNet-169, are employed. These models are loaded using the PyTorch
learning framework. During the training process, the best-performing model
parameters are saved. Through performance comparisons, a classification algorithm

model with higher accuracy is identified. Additionally, this model can be utilized to
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load the optimal model parameters for recognizing local images. As shown in Figure

1.
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Figure 1 Proposed Training flow chart of tea leaf pests and diseases classification
model

Tea disease image recognition refers to the classification of the input image
into different disease categories, the input is a color image and the output is the
classification label corresponding to the image, i.e., identifying the name of the
disease as well as the specific location of the disease in the picture. The process of
Deep Convolutional Neural Networks to handle the classification of tea disease
images is as follows, Data preprocessing: the original image is converted into a format
suitable for model input. The input to the CNN is to convert the image data into tensor
(image height, image width, color, channels), which contains the image height, width
and color information. Color channels are (R,G,B) corresponding to the three RGB
color-channels. (color_channels are (R,G,B) corresponding to the three color
channels of RGB. For example, the shape of our CNN input is (224, 224, 3) which is
a color Image. Convolutional operations need to be performed In three dimensions,
using 3D convolution, i.e. 3D convolution kernel, also called 3D filter.

The roles of each layer are summarized as follows: Input layer: used to input
data to the training network; convolutional layer: uses convolutional kernel to extract
image features; pooling layer: performs downsampling to represent the image features

with a higher level of abstraction; tiling layer: one-dimensionalizes multi-dimensional
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inputs and is often used in the transition from convolutional to fully-connected layer;
fully-connected layer: acts as a feature extractor; output layer: outputs results, i.e.,
labels corresponding to the names of different diseases; and output layer: outputs
results, i.e., labels corresponding to different diseases. “Output layer: outputs the
results, i.e., the corresponding labels of different disease names. The output value of
each neuron represents the probability or confidence level of the input sample under
each category. The category with the highest confidence level is used as the predicted
category of the sample on the model.

The data is processed by calculating the loss between the predictions of the
trained model and the actual labels. The backpropagation algorithm is used to update
the model parameters to reduce the loss function and improve the model performance.
The model training process requires the adjustment of several parameters such as loss
function (loss): the neural network uses a certain metric as a cue to find the optimal
weighting parameters. The metrics used in the learning of the neural network are
called loss function (loss function). It is the difference between the predicted value of
the model output and the true value of the image, which is used to measure the
accuracy of the model during training. Optimizer: determines how the model updates
based on the data it sees and its own loss function. Enables efficient search of the
parameter space. Deep Convolutional Neural Networks for recognizing tea leaf
diseases involves several key steps such as data preparation, neural network
construction, model training, hyperparameter tuning and model evaluation. By
continuously optimizing these steps, a high-performance rice disease recognition
model can be constructed.

2.1 The VGG16 model introduction

VGG is a fundamental CNN architecture comprised of convolutional layers
and pooling layers. The name stands for the abbreviation of the Visual Geometry
Group, the group to which the authors belong at the University of Oxford. In the case
of the VGG16 model, it is particularly well-suited for classification and localization
tasks. Its defining feature is the stacking of layers with learnable weights (either
convolutional or fully connected) up to 16 layers, contributing to its depth (hence the

name 'VGG16').
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In VGG16, the convolutional layers with small 3x3 filters are applied in
consecutive operations. The process . involves repeating the pattern of 'stacking
convolutional layers 2 to 4 times and then halving the size through pooling layers',
culminating in the final output through fully connected layers. As both convolutional
and fully connected layers have learnable weight coefficients, they are often referred
to as weight layers.

Within the VGG16 architecture, there are 13 convolutional layers, 3 fully
connected layers, and 5 pooling layers, making a total of 13 + 3 = 16 layers. In the
VGG16 convolutional neural network, the 13 convolutional layers and 5 pooling
layers work together to extract features, while the final 3 fully connected layers are
responsible for the classification task, as shown in Figure 2. The deeper the
convolutional network, the more advanced features it can extract, resulting in better
performance. However, traditional convolutional neural networks encounter issues
such as network degradation, vanishing gradients, and gradient explosion as the depth
of layers increases. This often leads to the paradox where the performance of deep

networks is not as good as that of shallow networks.
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Figure 2 VGG16 model architecture diagram
2.2 ResNet50 model introduction

ResNet50 is a deep convolutional neural network model used for tasks such as
image classification and object detection. It consists of a network structure with 50
layers and employs residual connections to address optimization challenges in deep
networks.

The model begins with convolutional operations on the input, followed by four
residual blocks. Subsequently, a final fully connected layer is employed for

classification purposes. The schematic representation of the network's structure is
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illustrated below. ResNet50 comprises a total of 50 conv2d operations. The primary
feature of ResNet50 is its utilization of skip connections, which involve adding the
features from earlier layers directly to the outputs of subsequent layers. This approach
helps retain and propagate more information, thereby enhancing the network's
performance. Increasing depth is crucial for performance improvement. However, in
deep learning, excessively increasing depth can often hinder learning and result in
suboptimal performance. In ResNet, to tackle such issues, a 'shortcut structure' (also
known as 'shortcut' or 'skip connection') is introduced. By incorporating this shortcut
structure, performance can be progressively improved with increasing layer depth

(within certain limits, of course) , as shown in Figure 3.

ResNet50 is a highly powerful deep learning model. Its depth and the residual
learning approach enable it to learn more intricate features, thereby enhancing its
accuracy. The global average pooling layer in ResNet50 reduces the number of model

parameters, mitigating the risk of overfitting.
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Figure 3 ResNet50 model architecture diagram

The shortcut structure spans (skips) across the convolutional layers of the input
data, aggregating the input 'x' into the output. Within a sequence of three consecutive
convolutional layers, the input 'X' is skip-connected to the output after the third layer.
The key here is that through the shortcut structure, the original output 'F(x)' from the
three layers of convolution becomes 'F(x) +x'. By introducing this shortcut structure,
the network can efficiently learn even with increased depth. This is because, with the
shortcut structure, signals can be propagated through backpropagation without

attenuation,as shown in Figure 4.
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2.3 DenseNet model introduction

DenseNet (Densely Connected Convolutional Networks) model follows a similar
underlying concept to ResNet, but it establishes densely connected connections
between all preceding layers and the subsequent layer, hence its name. Another
distinctive feature of DenseNet is the use of feature connections across channels to
achieve feature reuse. The structure of the DenseNet network can be succinctly
described as comprising multiple DenseNet Blocks. DenseNet is composed of several
of these Dense Block structures, with its core idea being that each subsequent layer

receives the outputs of all preceding layers as additional inputs.

Dense Block 2
H —0—Q70-0 H

Dense Block 1

Ot OO =D
! /

Dense Block 3

>

8
o \ \
g

AUOD
AUOD

[0od-BAy
24

I
T
& AN

(S

Figure 5 DenseNet model architecture diagram
As shown in Figure 5, The transition Layer is composed of BN, Conv (1x1),
and 2x2 average-pooling. It serves as a module that connects different Dense Blocks.
Its main purpose is to integrate features obtained from the preceding Dense Block,
reduce the width and height dimensions of the previous Dense Block, achieving

downsampling effects by halving the dimensions of the feature maps.
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While evaluating the suggested job, accuracy is regarded as one of the most
crucial criteria to take into consideration. The accuracy is measured as the ratio of
successfully detected picture classes to the total number of image classes concerning
the entire number of photos that were taken into consideration.

The role of the loss function in deep learning is to measure the error between
the model's predictions and the true labels. Its value can be obtained through
computation and assists in guiding the optimization algorithm for updating the model
parameters.

ITI. Detection of tea leaf pests and diseases based on deep learning techniques

In response to the three common tea leaf disease images captured under
natural conditions, due to the varying backgrounds in these images, this study
employs a one-time output approach to detect target information, including category
and location, through a detection model. We utilized improved deep learning object
detection models such as YOLO , SSD and Faster R-CNN models, and optimized the
model algorithms, aiming to identify the model that achieves the best performance in

terms of accuracy and detection speed,as shown in Figure 6.
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Figure 6 Proposed Training flow chart of tea leaf pests and diseases detection model
In deep object detection tasks, the loss functions typically need to consider

both the accurate localization of objects and the correctness of their classification.
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Here is an introduction to several common loss functions used in deep object
detection:

1.Localization Loss:

For accurately localizing the positions of objects, the smooth L1 loss is
commonly employed. This loss measures the difference between the predicted box
coordinates and the true box coordinates. The Smooth L1 loss smooths out the loss

when the differences are small, helping to prevent gradient explosions.
2.Classification Loss:

The classification loss in object detection measures whether an object is present
within the predicted box and quantifies the disparity between the predicted class and
the true class. Common classification loss functions include Cross-Entropy Loss and
Focal Loss. Cross-Entropy Loss is suitable for general classification tasks, while
Focal Loss is specifically designed to address class imbalance by reducing the weight

of easily classified samples and focusing more on hard-to-classify samples.
3.I0U Loss:

The Intersection over Union (IOU) loss directly quantifies the degree of overlap
between the predicted box and the true box. During training, a specific loss function
can be designed that incorporates the difference between the IOU of the predicted box

and the IOU of the true box. This contributes to improving localization accuracy.

Each of these loss functions serves a specific purpose, encompassing both
accurate localization and classification precision. In practical applications, the choice
of an appropriate loss function depends on the task characteristics and the nature of
the data, enabling effective guidance of model training for better performance in

object detection tasks.

3.1 The Faster R-CNN model introduction
Ross B. Girshick proposed the new Faster RCNN in 2016, in terms of structure,
Faster RCNN has integrated feature extraction (feature extraction), proposal

extraction, bounding box regression (rect refinement), and classification are all
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integrated in one network, which makes the comprehensive performance improved
greatly, especially in the detection speed.

As shown in Figure 7 Faster R-CNN can actually be divided into 4 main
elements:

Conv layers. as a CNN network target detection method, Faster RCNN first uses
a set of basic conv-+relutpooling layers to extract the image's feature maps, which are
shared for the subsequent RPN layer and fully connected layer.

Region Proposal Networks: RPN networks are used to generate region proposals.
this layer determines whether the anchors are positive or negative by softmax, and
then uses bounding box regression to correct the anchors to obtain accurate proposals.
Roi Pooling.

Roi Pooling: This layer collects the input feature maps and proposals,
synthesizes the information and extracts the proposal feature maps, and sends them to
the subsequent fully-connected layer to determine the target category.

Classification: The proposal feature maps are utilized to compute the category of
the proposals, and at the same time bounding box regression is used again to obtain
the final precise location of the detection box.

5 shared convs Rol Pooling FC layers
bbox reg

FC layers Coordinates
FC layers

softmax

1x1 conv
3x3 conv

Category

classifier

1x1] conv
] 1 bbox reg

RPN

Proposals

Figure 7 Architectural sketch of Faster R-cnn
3.2 The SSD model introduction
The full name of SSD is "Single Shot MultiBox Detector." It is a deep learning
model used for object detection. SSD is capable of predicting the categories and
locations of multiple objects in an image in a single forward pass, hence its name
"Single Shot MultiBox Detector." This model demonstrates excellent performance in
terms of real-time capabilities and accuracy and is commonly employed for object

detection tasks in the field of computer vision.
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The SSD model adds several feature layers to the end of a base network, which
predict the offsets to default boxes of different scales and aspect ratios and their

associated confidences, as shown in Figure 8.
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Figure 8 SSD model architecture diagram
The main characteristics of SSD are as follows: 1. Utilization of multiscale
feature maps, 2. Employment of convolutions for detection, 3. Implementation of

prior bounding boxes.

3.3 The YOLO model introduction

Real-time target detection has been the focus of research in computer vision,
aiming to accurately predict the class and location of objects in an image with low
latency. Among them, YOLO[14] is becoming increasingly popular due to its balance
between performance and efficiency.It was first proposed in 2015 by Joseph Redmon
et al. and has been subsequently improved several times.The core idea of YOLO is to
divide the entire image into a fixed number of grids (grid cells) and then predict
multiple bounding boxes and category probabilities simultaneously within each
grid. The principle of YOLO is mainly as follows: it performs one-time inference to
output detected target information, including class and location. A region is condensed
into a multi-dimensional point (1 x 1 x N dimensions), and each 1x1 point generates 3
anchor boxes (or other values). By considering all anchor boxes (tens of thousands),
they are compared to the ground truth labels to calculate the loss. The historical

significance of YOLO is that it creatively combines recognition and localization into
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one. Due to its extremely fast detection speed, it has gained significant popularity in

practical applications.

Based on the compiled dataset, I trained the object detection model using the
cutting-edge YOLOv10s, YOLOV9s, YOLOv8s and YOLOVSs object identification

techniques to achieve real-time identification of the target objects.

YOLOVS algorithm is one of the most widely used target detection algorithms,
which is based on deep learning technology, adding modules such as feature pyramid
network and SPP structure on the basis of convolutional neural network, so as to
realize the balance of high accuracy and fast detection speed.Based on YOLOvS5s-5.3,
we present an upgraded version of the YOLOv5s disease and pest detection model in
this study. The image inference speed of the Yolov5s model reaches 455 FPS on a
subset of researchers’ devices, which is widely used by a large number of scholars
with this advantage[55].The Yolov5 algorithm utilizes deep learning techniques to
swiftly and accurately identify objects in images, while annotating their positions and

class information, as shown in Figure 9.
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Figure 9 The network structure of Yolov5s-5.3 model
As shown in Figure 9, The Yolov5 Version 5.3 network structure model includes
three parts: Backbone function: feature extraction. Neck function: mix and combine

features in one wave and transfer these features to the prediction layer. Head function:
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make final prediction output. The YOLOVS network structure consists of Input,
Backbone, Neck, and Prediction. The Input part of YOLOVS is the input end of the
network, using Mosaic data augmentation method to randomly crop the input data and
then concatenate it. Backbone is the network part of YOLOVS5 that extracts features,
and the feature extraction ability directly aftects the overall network performance. In
the feature extraction stage, YOLOVS uses the CSPNet (Cross Stage Partial Network)
structure, which divides the input feature map into two parts. One part is processed
through a series of convolutional layers, and the other part is directly down sampled.
Finally, these two parts feature maps are fused. This design enables the network to
have stronger non-linear expression ability, which can better handle complex

backgrounds and diverse objects in object detection tasks, as shown in Figure 10.
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Figure 10 The component networks in the original YOLOvSs

The Conv module is a commonly used foundational module in convolutional
neural networks, which mainly consists of convolutional layers, BN layers, and
activation functions. Convolutional layers are one of the most fundamental layers in
convolutional neural networks, used to extract local spatial information from input
features. The BN layer is a normalization layer added after the convolutional layer to
normalize the distribution of eigenvalues in neural networks. Activation function is a
non-linear function used to introduce non-linear transformation capability into neural

networks. Common activation functions include sigmoid, ReLU, LeakyReLU, ELU,
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etc. The main body of the Head consists of three Detect detectors, which use grid-
based anchors to perform object detection on feature maps of different scales.

In order to further improve the accuracy of YOLOVS series models, the
algorithm needs to be improved. As shown in Figure 11, the model's improvements
involve changing from CSP to CSPK, enhancing feature map convergence, preventing
feature loss, adding BN layer and LeakyReLU activation function to improve the
stability and generalization performance of the model. This is to enable the model to
learn more features. And by adding Omni Dimensional Dynamic Convolution
(ODConv) and Convolutional Block Attention Module (CBAM) to the model's head
to further enhance feature adaptability and improve the performance of focusing on

essential features.
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Figure 11 The network structure of the improved YOLOvSs
In neural network architectures, CSP (Cross Stage Partial) is a connection
approach that is mostly used to improve the information transmission and interaction
of features across several stages or scales. The term "conv2d" describes a convolution
procedure that is frequently used to process picture data when it is applied to two-
dimensional data. It takes in as input a three-dimensional tensor, of which the first and
second dimensions stand for the image's height and breadth, and the third dimension

for the image's channel count. CSP plays a crucial role in boosting the network's
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representational capacity through improved feature extraction and representation,

which leads to improved performance in a variety of computer vision applications.
The CSPK structure can enhance feature propagation more, aiding in better

information transmission across different layers of the network, thereby improving

performance, as shown in Figure 12.

input Bottleneck
'msm' input | Bottleneck
Conv o
5 Conv g ! mi“'
S D v IR g Conv = o
Conv2d || Bottleneck*N + o 3 Conv |
+ peonvy |5 — "
| Conv2d | T Conv % *(;j“*‘ i ::
29 ADD; [ Conv2d 2
———t_cONcat > L
R < concat -
Bn |
(S _Conv | CSPK*N
3 BottleneckCSP*N +
Conv (= CSP*N)
t
Conv

(Conv2d | Bn [ SiLU }»

Figure 12 Comparison of CSP and CSPK Structure

Adding ODConv2d and CBAM to the model's head to further enhance feature
adaptability and improve the performance of focusing on essential features. Dynamic
convolution refers to the concept where the weights of the convolutional kernel are
not fixed during the convolution process. Instead, they can be dynamically adjusted
based on the input data. This adaptability of the convolutional kernel allows it to
better capture the features present in the input data, thereby enhancing the
performance of convolutional networks. Attention mechanisms are crucial neural
network 'modules that enable networks to focus more “effectively on relevant
information when processing sequential data. By assigning different weights to
different parts of the input data based on their significance, attention mechanisms
ensure that the network pays greater attention to important information when
transmitting and processing data.

As illustrated, the channel sub-module utilizes both max-pooling outputs and

average-pooling outputs with a shared network; the spatial sub-module utilizes similar
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two outputs that are pooled along the channel axis and forward them to a convolution
layer. ODConv utilizes a novel multidimensional attention mechanism and parallel
strategy to learn the attention of convolutional kernels along the four dimensions of
kernel space in any convolutional layer. These four different types of attention are: the
number of input channels for the convolution kernel, the receptive field of the
convolution kernel itself, the number of output channels for the convolution kernel,
and the number of convolution kernels. As an alternative to conventional convolution,
ODConv can be inserted into many CNN architectures. That is to say, it is a plug and
play module. As a result, while both dynamic convolution and attention mechanisms
contribute to improving the performance of neural networks, they serve different
purposes. Dynamic convolution enhances the adaptability of features, while attention
mechanisms enhance the network's ability to focus on the specific information
required for the current task.

With additional advances, YOLOvV9s expands upon the YOLOvS8s network and
focuses mainly on resolving issues related to information loss in deep learning
frameworks. The creative application of the data constraint concept and invertible
functions, which guarantees YOLOV9's great accuracy and efficiency, is the basis of
its design. In YOLOVY, a unique idea known as Programmable Gradient Information
(PGI) was presented to solve the issue of data bottlenecks and guarantee the
preservation of critical data throughout deep network levels. This improves detection
performance overall by producing dependable gradients that enable precise model
changes.The General Efficient Layer Aggregation Network (GELAN) is a important
configuration breakthrough that makes it possible for YOLOV9 to attain higher
computing efficacy and parameter efficiency. Because of its flexible integration of
different computing blocks, Thanks to its architecture, YOLOV9 can accommodate a
diverse array of applications without sacrificing accuracy or performance.

By removing Non-Maximum Suppression (NMS) and optimizing different
model components, YOLOv10's design improves on the advantages of earlier YOLO
models and achieves state-of-the-art performance while drastically lowering

computational cost.
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Figure 13 The Yolov10 model network structure
In Figure 13,the components of the Yolovl0 model network structure are as
follows:Backbone: In order to optimize gradient flow and lessen unnecessary
calculation, the YOLOv10 backbone applies an improved version of CSPNet (Cross
Stage Partial Network) for feature extraction.
SCDown (Spatial-channel - decoupled - downsampling) decouples space and

channels. The number of channels is first adjusted by 1x 1 point-by-point convolution,
and then spatial downsampling is done by 3x3 depth convolution, which minimizes

the computational cost while maximizing the information retention.

Neck: The purpose of the Neck is to combine characteristics from several scales
and transfer them to the head. For efficient multi-scale feature fusion, PAN (Path
Aggregation Network) layers are included.

PSA, or Point-wise. Spatial Attention, is an  efficient local self-attention
mechanism that processes a portion of the convolved features through a multi-head
self-attention network(MHSA), and a feed-forward network(FFN), and then connects
the two sections and fuses them by convolution. Enhanced global modeling capability

and reduced computational complexity.
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During training, the Yolov10 model employs two prediction heads: one that uses
one-to-many allocation and the other that uses one-to-one allocation. Efficient
inference without NMS is made possible by the model's ability to use the enriched
supervised signals from the one-to-many assignments during training and the
predictions from the one-to-one assignments during inference.

One-to-many Head: During the training process, it has multiple predictions for
each object, offering abundant supervisory signals and enhancing learning precision.
One-to-One Head: During inference, it initiates the excellent forecasting for each
object, discarding the need for NMS, thus decreasing processing delay and increasing
performance.

YOLOv10 has further advanced by incorporating NMS-free training and
inference techniques, leading to a substantial decrease in latency and a notable
enhancement in real-time capabilities.By integrating spatial-channel separated down-
sampling and a rank-assisted block configuration, YOLOv10 has strengthened the
feature extraction procedure, leading to improved accuracy accompanied by a
reduction in both parameters and computational demands. The evaluation metrics
unequivocally demonstrate that YOLOV10 surpasses its earlier versions, especially in
the context of smaller models, rendering it exceptionally well-suited for edge
deployments where both precision and efficiency are paramount.

IV.Approach to data acquisition and preparation

The dataset used for the classification of tea leaf diseases is derived from the
publicly available tea disease dataset from the Kaggle platform, which is the largest
data crowdsourcing platform on a global scale. The dataset can be downloaded
at:https://www.kaggle.com/datasets/mamun009/tea-leaf-disease-clasification.

The dataset contains algal spot', 'brown blight', 'gray blight', 'healthy',
'helopeltis', 'red spot five common tea diseases and healthy tea. Corresponding to the
named categorized labels, it was observed that the number of each category was
balanced and all of them were more than 1,000. The image samples of leaf diseases of

tea leaves are shown in Figure 14.
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Figure 14 The proposed tea diseases and healthy leaves

The insect pests and tea diseases that were the subject of this study's photos
almost were captured in the open air. We mainly collected three common tea diseases
and pests in tea gardens namely brown blight ,gray blight and tea leathopper.

Tea brown_blight and gray blight disease can feature brown and gray lesions
that affect the color and appearance of tea leaves.

In severe cases, they can cause leaf abscission, leading to reduced tea
production.The tea leathopper insect is one of the primary pests in tea gardens.

It feeds on tea leaf sap, leading to leaf yellowing and reduced yields.We were
able to photograph tea leaves with few targets as well as those with a lot of targets due
to the fact that our images were photographed in a natural setting.

The photographs, which show a lot of foliage, include shadows and reflections
on the leaves as well as foliage obscuration and overlap. We have collected three
common tea diseases and pests in tea gardens namely brown blight ,gray blight and
tea leathopper approaching more than 1000 images.

A few typical samples from our data archives are displayed in Figure 15.
Photographs of tea diseases and isect pests were taken at the Xiang tea farm in

Changsha city, Hunan Province, China.
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Figure 15 The dataset's representative samples.
(1) brown_blight (2) gray blight (3) tea leathopper

Techniques for augmenting image data primarily enhance the diversity of
training data through the application of diverse transformations to pictures.Common
image data augmentation techniques include: rotation, flipping, and cropping, which
alter the orientation and position of images. Scaling and deformation change the size
and shape of images. Color transformation alters the brightness, contrast, saturation,
and other aspects of images.To boost the model's generalization capability, we adopt
the data enhancement technique, which directly uses the transforms module of the
torchvision library of PyTorch, a deep learning framework, to realize random
cropping, rotation, Gaussian blurring, brightness and contrast change of the image,
etc., PyTorch provides extensive data augmentation tools, and we can directly use the
transforms module in torchvision to achieve this,which increases the diversity of the
training data.As shown in Figure 16.

Supervised machine learning is a machine learning technique in which neural
networks learn to predict or classify data based on labeled datasets. Here, we input
features as well as target variables. Neural network learning makes predictions based
on the cost or error generated by the difference between the predicted goal and the
actual goal in a process called back propagation.To annotate the images of diseases
and pests in tea leaves ( brown blight ,gray blight and tea leathopper), Manual
labeling of rectangular regions was performed with the Labellmg annotation tool. We
employed the Labellmg tool to annotate the tea diseases and pests target area in the
images[56, 57]. As shown in Figure 17, the label format was a .xml file to
accommodate the YOLO algorithm. Annotation boxes were added, and corresponding
label files were generated for the diseased areas in the images. Label information

encompassed the image filename, image size, and specific details, including the labels
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and the coordinates of the top-left and bottom-right pixels.We have labeled the three
common diseases with brown, gray, and leathopper as shorthand names.Our authors
conducted a manual review of the annotation results, conducting detailed checks on
the accuracy, completeness, and consistency of each annotation to ensure the quality

of the annotations:

® 3 (6)

Figure 16 The representative samples of image data enhancement
(1) original (2) flipping(2)random affine (4) gaussian blur (5) brightness (6) contrast
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Figure 17 Image labeling fabrication
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V. Evaluation metrics

1. Confusion matrix

In machine learning and deep learning, the prediction results of classification
tasks are divided into the following four types, which are referred to as a confusion
matrix: The confusion matrix is a method to visualize and summarize the performance
of classification problems[58].

True Positive (TP)[59]: The predicted value is a positive case, and the label value
is also a positive case, indicating that the prediction is correct. False Negative (FN):
The predicted value is a negative case, while the label value is a positive case,
indicating an incorrect prediction. False Positive (FP): The prediction is a positive
example, but the label value is a negative example, indicating an incorrect prediction.
True Negative (TN): The predicted value is a negative case, and the label value is also
a negative case, indicating that the prediction is correct.

2. Precision

Precision(P) refers to precision, and its definition is as follows:

TP
FP+TP

Precision = X 100% (D

According to the definition, the denominator of accuracy is the sum of TP and
FP, where TP is the number of positive cases predicted, and the actual value is also
positive; FP is the number of positive cases predicted and the actual number of
negative cases. Accuracy is related to the predicted positive cases and the actual
positive and negative cases. The higher the accuracy, the smaller the FP, and the fewer
the number of other categories predicted as this category, which can be understood as
the higher purity of the predicted positive examples. The higher the accuracy, the
fewer false positives.

3. Recall

Recall(R) refers to the recall rate, and the definition of Recall is as follows:

TP
= —X 0,
Recall N TP 100% (2)
According to this definition, the denominator of Recall is the sum of TP and FN,
where TP is the number of positive cases predicted, and the actual value is also

positive; FN is the number of negative cases predicted, but the actual value is positive.
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Through analysis of the formula, it can be seen that Recall involves both
predicted positive and negative cases, as well as actual positive cases. When Recall is
higher, FN is smaller, and the number of positive cases predicted as negative is also
smaller, which can be understood as identifying more positive cases. A higher Recall
indicates fewer missed detections.

4. F1-Score

The F1-Score is a composite statistic that balances precision and recall,

calculated using the harmonic mean.

| 2 X Recall X Precision  100% ;
"~ Recall + Precision 0 (3)

5. P-R curve

The P-R curve is a curve enclosed in Precision and Recall coordinates,
respectively. The lines of different colors represent the PR curves of different
categories, while the thick blue lines represent the average PR curves of all categories.

The area enclosed by the P-R curve and the axes can serve as a reference for
evaluating the prediction results of a model. If the P-R curve of one model completely
encloses the P-R curve of another model, it can be said that the prediction results of
the former model are definitely better than the latter model.

6. AP

AP (Average Precision): Despite its name, the calculation of AP does not involve
taking the average of precision values.Instead, it computes the area under the PR
curve (Precision-Recall curve) for each class, which can be calculated through
integration. If a model has a higher AP, meaning the area enclosed by the PR curve
and the axes is larger, it indicates that the overall Precision and Recall are relatively
higher.

AP ={ P(R)dR 4)

7. mAP

mAP (mean of Average Precision): calculate the average AP value for all
categories. AP can reflect the accuracy of predictions for each category, and mAP is
the average of the APs for all categories, used to reflect the accuracy of the entire

model. The larger the mAP, the larger the area enclosed by the PR curve and
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coordinate axis. We often talk about the accuracy of a certain object detection
algorithm, which is generally referred to as mAP.

N, api

mAP = N (5)

8. mAP50

In the YOLO model, you will see mAP50. This form of expression represents
what the value of mAP is when the IOU (Intersection over Union) threshold is 0.5.
When the 10U between the predicted box and the annotated box is greater than 0.5, it
is considered that the object prediction is correct, and then mAP is calculated based on
this premise. Generally speaking, map50. It is one of the indicators for evaluating the
YOLO model.

8.mAP[0.5:0.95]

In the YOLO model, there is also a form of expression called mAP [0.5:0.95],
which represents the mean Average Precision at multiple Intersection over Union
(IoU) thresholds. Within the range of [0.5, 0.95], with a step size of 0.05, 10 IoU
thresholds are taken, and the Average Precision at each of these 10 IoU thresholds is
calculated. The mean of these values is then taken to obtain mAP [0.5:0.95].

VI. Tea diseases and pests detection system

In software development, graphical user interface(GUI), is essential
components[60].In order to design a graphical user interface to recognize tea pests
and diseases, we used python language and PyQTS5 to design it.PyQTS is built on the
famous Qt framework, which is backed by a large community of developers and
documentation, and supports cross-platform desktop application development.The Qt
Designer is a generic visual interface that enhances the functionality of PyQtS by
simplifying the process of creating user interfaces[61].

The core operating mechanism of PyQtS revolves around an event-driven model.
Each Ul component is an ‘object that responds to user actions (€.g., mouse clicks, key
inputs, etc.), which are translated into internal events that in turn trigger the
corresponding event handler functions. In addition, PyQt5 adopts Qt's signal and slot
mechanism, which greatly simplifies the process of inter-component
communication.Signal is an important concept in PyQt5, where an object can emit a

signal when the state of an object changes or a specific event occurs. A slot is a
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function that can be triggered by a signal. It can be any callable object, such as a
normal function, a class method, or a lambda expression. In PyQt5, the connection
between a signal and a slot can be realized by the .connect() method without explicit
calls.The “front-end” in PyQt5 usually refers to the user interface part, while the
“back-end” is the business logic or data processing part. Through the signaling and
slotting mechanism, user interactions in the front-end can be easily passed to the
back-end for processing.PyQt5 has become an important tool for Python developers to
build beautiful and efficient desktop applications thanks to its flexible signaling and
slotting mechanisms, highly modular architecture, and excellent cross-platform
capabilities.

In PyQt5, a typical application life cycle is roughly divided into the following
steps:

1. Application instantiation and event loop initiation.First, we need to create a
QApplication instance, which is the basis of all Qt applications and is responsible for
managing global tasks such as windows, menus, event loops, and so on.

2. Interface construction.User interfaces can be built in two ways: either by
creating and organizing controls directly in Python code, or by designing the interface
using Qt Designer and then converting the design files to Python code.

3. Event processing.Qt applications rely on an event-driven programming model.
User actions (e.g., mouse clicks, keystrokes, window resizing, etc.) generate
corresponding events that are placed in an event queue to be processed. When an event
occurs, Qt converts the event to a QEvent object and distributes it to the control. The
control handles these events by overriding QObject.event() or a specific type of event
handler (e.g. mousePressEvent(), keyPressEvent(), etc.).

4. Signals and Slots.In PyQt5, the signals and slots mechanism is a key means of
enabling communication between components. When an object's state changes (e.g. a
button is clicked), it emits a signal. Other objects can connect to this signal and
specify a slot function in response to the signal being emitted.

5. Event Loops and Program Exits.Finally, the QApplication.exec () method is
called to start the event loop, and the program begins listening for and processing
events. When the event queue is empty or a QCoreApplication.quit() call is

encountered, the event loop ends and the application closes.
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Through the above mechanisms, PyQt5 applications can respond to user
operations in real time, dynamically update the interface state, and ensure effective
collaboration between front-end and back-end logic through signaling and slotting
mechanisms to build feature-rich and responsive desktop applications.

So, we need to have the PyQt5 library installed.PyQt5 is a layer of interface
between Python and the Qt library, through which we can access all the features of the
Qt library. The QWidget class is the top-level interface component in PyQTS5, and can
be used as a window, a parent for other subcomponents, or a panel to which various
other Ul component elements can be added.PyQTS5 applications are started by
QApplication class, which supports command line parameter selection and runs
independently as the main program. QMainWindow is a container for desktop

applications, which supports menu bar, toolbar and status bar[62].

Tea Diseases and Pests Detection system

buttonl button2 button3

Figure 18 PyQTS5 base applications interface
To build a desktop application, the first interface container should be a
QMainWindow instance.As shown in Figure 18,We have used PyQt5 to design a basic
interface with buttons, image display window, text display box.
Based on the best trained Yolov10s target detection model with the UI interface
made by Pyqt5, a tea disease intelligent detection system with simple interface is
developed in python, which can support picture, video and camera detection, and at

the same time, the picture or video detection results can be saved. The aim is to
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provide a user-friendly operation platform for the inspection system so that the user
can carry out the inspection task conveniently and efficiently. Through the graphical
user interface (GUI), users can easily switch between picture, video and camera real-
time inspection and operate the system without having to master complex
programming skills. This not only improves system usability and user experience, but
also makes the inspection process more intuitive and transparent for real-time
observation and analysis of results. In addition, the GUI can be integrated with other
functions, such as saving and exporting of detection results and adjustment of
detection parameters, thus providing users with a comprehensive and integrated
detection of tea diseases and promoting the wide application of intelligent detection
technology for tea diseases.
VII. Experiment setup

Based on a Windows operating system, this experiment loads the model using
the PyTorch learning framework, writes the program in Python, and saves the model
parameters at the optimal time for training. Table 2 displays the experimental
platform's setup table. PyTorch uses Dynamic Computational Graph, which builds the
computational graph at each forward propagation, which makes debugging and
development more flexible and intuitive.PyTorch serves as a robust and adaptable
deep learning framework, catering to a variety of scenarios ranging from research
endeavors to practical, real-world applications.

Table 2 Configuration table of experiment platform

Experimental Environment Details

Mirroring PyTorch 1.9.0 Python 3.8(ubuntul8.04) Cuda 11.1
GPU RTX 3080 Ti(12GB) * 1

CPU 12 vCPU Intel(R) Xeon(R) Silver 4214R CPU @ 2.40GHz
Memory 90GB

The hyperparameters of automated diseases and pests detection in tea leaves with
object detection models are shown in the Table 3.The setting of the batch size at 8
ensured an optimal equilibrium between memory utilization and processing speed. To
standardize the input data across all models, images were resized to a consistent
resolution of 640x640 pixels. For efficiently updating model weights, particularly
suitable for managing large-scale and intricate data, the Stochastic Gradient Descent

(SGD) optimizer was utilized.A momentum value of 0.937 was sustained to guarantee
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coherent updates throughout epochs, accompanied by a negligible weight decay of
0.0005 to mitigate overfitting risks.
Table 3 Training hyperparameters

Specifications Merit
Batch size 8, 16
Epochs 40, 150
Image size 640 =640
Momentum 0.937
Weight decay 0.0005
Optimizer SGD(Stochastic Gradient Descent)

VIII. Tea disease classification and recognition process

The program process mainly includes the processes of image data preprocessing,
model selection, model training and testing, and metrics evaluation. To use deep
learning for image classification, the following steps are usually required:

Data preprocessing: This includes image size uniformity, color balance
adjustment, etc. to ensure data consistency and comparability. At the same time,
enhancement of the data, such as rotation, scaling, cropping, etc., can also be
considered to improve the generalization ability of the model.Model construction:
Define the network structure of the model, including convolutional layers, pooling
layers, fully connected layers, etc.

Model Training: VGG16, ResNet50 and DenseNet deep learning classification
models are selected for training, respectively.Train the model using the training data
and corresponding labels, and extract 32 samples from the training samples each time
to participate in the training.

The model is trained with training data and corresponding labels, and 32 samples
are extracted from the training samples each time to participate in the training, and the
model parameters are constantly updated to minimize the classification error.

During the model training process, careful tuning work is performed on the
parameters of the model. This includes the selection and tuning of hyperparameters
such as choosing the dynamic learning rate, batch size of 16, and number of iterations
of 40. Through continuous experimentation and optimization, the best combination of

parameters can be found to improve the model's performance performance.



41

Model Evaluation: Evaluate the performance of the model on the test data, using
metrics such as accuracy, loss function size, etc. The convolutional layer is
responsible for extracting important features.After the model training is completed,
adequate validation and testing efforts are required. This includes evaluating the
model using independent validation and test sets to verify the generalization ability
and reliability of the model.

The convolutional layer is responsible for extracting the important features, and
finally, in order to have a complete image classification model, we only need a
number of fully connected output nodes to decide the correct class of the image based
on their weights! Repeatedly observe the experimental results and normalize the data
separately, with a standard normal-too distribution (Gaussian) to make the model
easier to converge. Follow the 8:1: 1 ratio, the training set, validation set and test set
are divided. After several tuning parameters and pre-training, the final model
classification accuracy each reaches the highest.

IX. Tea disease target detection training process

1. Data set preparation and training

By collecting relevant images about tea pests and diseases in real scenarios and
labeling each image using Labelimg labeling tool in 3 detection categories, namely
'brown_blight ,gray blight and tea leathopper'.The dataset is divided into training set,
validation set and test set in the ratio of 7:2:1.

2.Model training

After preparing the dataset, place the image data in the project directory in the
following format. Create a new datasets directory in the project directory and also

divide the detected images into training set and validation set into Data directory.

Figure 19 Data storage location
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At the same time, we need to create a new data.yaml file, which is used to store
the path of the training data and the categories that the model needs to
detect. YOLOV10/9/8/5 will read the information in this file for model training and

validation.

After data preparation, model training is performed by calling the train.py file,
the epochs parameter is used to adjust the number of rounds of training, the batch
parameter is used to adjust the batch size of training (adjusted according to the size of

the memory, with a minimum of 1), and the optimizer set by the optimizer is SGD.

YOLOvV10/9/8/5 The training settings for the model include various
hyperparameters and configurations used during training. These settings affect the
performance, speed, and accuracy of the model. Key training settings include batch
size, learning rate, momentum, and weight decay. In addition, the choice of optimizer,
loss function, and composition of the training dataset affects the training process.
Careful tuning and experimentation with these settings is essential to optimize

performance.

Table 4 Commonly used model training parameters and descriptions

Parameter name Value Instructions

Epochs 150 Total number of training rounds. Each epoch represents one

complete training of the entire dataset.

Patience 120 The number of epochs required to stop training early when the

validation metrics do not improve.

Batch 16 Batch size of images per training

Imgsz 640 The target image size used for training. All images are resized

to this size before they are fed into the model.

Optimizer auto Select an optimizer for the training model. Options include
SGD, Adam, AdamW, NAdam, RAdam, RMSProp and more.
Ir0 0.01 initial learning rate (i.e., SGD=1E-2, Adam=1E-3) . Adjusting

this value is crucial for the optimization process and affects the

speed of updating the model weights.

3. Evaluation of training results
In deep learning, we usually use the curve of the descending loss function to
observe the training of the model. YOLO contains three main aspects of loss during

training: localization loss (box loss), classification loss (cls _loss), and dynamic
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feature loss (dfl_loss), and at the end of the training process, you can find the training

process and the result file under the

4 Testing with models
After the model
best.pt file in the

et a best training result model

> this file for subsequent
testing.
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Chapter 4 Results

I. Results of classification of tea leaf pests and diseases

The dataset contains algal spot', 'brown blight', 'gray blight', 'healthy',
'helopeltis', 'red spot five common tea diseases and healthy tea were divided into
training, validation, and testing sets in a 7:2:1 ratio. The total number of data for each
category is close to 1,000 sheets, and the dataset is relatively well-balanced.The
architectural models used are VGG16, ResNet50 and DenseNet169 with the same
batch size i.e. 32,for each batch size value each experiment will go through the same
methodology i.e. using 40 epochs, because the loss curve has been relatively
stable,Adam optimizer, same cross-entropy loss function and using the same dynamic
learning rate, the best validation accuracy and loss function values are shown in

Figure 20 and Figure 21.

Validation Accuracy Comparison
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Figure 20 Comparison of the accuracy of three model validation
Through the analysis of the results, with the same learning rate, optimizer and
each parameter, the test accuracy and convergence speed are the highest in the
DenseNet169 model training, and its loss function is also significantly lower than the

other two models.
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Figure 21 Comparison of loss function values for three model validation sets

Based on the results of the highest accuracy obtained during the validating of the

model DenseNet169, the next step was to perform data testing to find out the accuracy

generated during the testing process. The confusion matrix for data testing is shown in

Figure 22.
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Figure 22 Confusion matrix for DenseNet169

Based on the results of the confusion matrix in Figure22, with a batch size of 32,

it can be seen that there are 1174 images of tea leaves that are correctly identified and

12 images that are not correctly identified. In confusion matrix, O represents algal pot

disease, 1 represents brown blight, 2 represents gray blight, 3 represents healthy



leaves, 4 represents helopeltis, and 5 represents red spot.The performance evaluation

for the three models can be seen in Table 5.

Table 5 Performance evaluation fort the models

Models Accuracy | Precision Recall F1-score
VGG16 0.906 0.906 0.898 0.902
ResNet50 0.952 0.952 0.945 0.948
DenseNet169 | 0.995 0.995 0.986 0.991

II .Result of detection of tea leaf pests and diseases

The results in Figures 23 and 24 demonstrate that the improved YOLOvSs
outperforms the original YOLOVSs. The box validation loss displayed in Figure 23
measures the actual location of pests and diseases in tea images. It shows a consistent
decreasing pattern, which can predict the training performance of the model. The box
validation loss achieved by the improved YOLOVSs is lower than that of the original
YOLOVSs, confirming the depth of the neural network. As the model learns, its
performance also improves. As seen in Figure 24, the reduction in box validation loss
contributes to the increase in mAP. The improved YOLOVS5s achieves an mAP, which
is higher than the original YOLOvSs model. This confirms that the training
performance of the improved YOLOVSs is superior to the original YOLOVSs.
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Figure 23 Box-validation loss comparison
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Validation mAP50 Comparison
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Figure 24 The mAP50 comparison
To evaluate the performance of the improved YOLO v5 model proposed in this
study, we compared it with other typical convolutional neural networks such as
Faster-RCNN, SSD, YOLO v8, YOLO v9 and YOLO v10, for tea disease detection
using the test set. The results of the test set are shown in Table 6, which demonstrates
that YOLOv10 model has achieved significant improvements compared to other
models. Now the YOLOv10 model is beneficial for tea disease detection.

Table 6 The results data based on different models

Model Precision Recall mAP50 F1-Score
Faster-RCNN 78% 70% 74% 74%
SSD 80% 71% 72% 75%
YOLO v5 81% 76% 80% 78%
Improved YOLO v5 82% 78% 82% 80%
YOLOVSs 84% 78% 82% 81%
YOLOV9Ys 85% 79% 83% 82%
YOLOV10s 87% 80% 84% 83%

Table 6 displays the comparison results of the three models on the test
set.According to Table 3. Precision, Recall, mAP50 and F1-Score for Yolov10s were

87%,80 %,84%, 83% respectively, and these results are higher than other models.
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Precision: Also known as the checking rate, this is the percentage of accurately
predicted positive cases among all cases predicted as positive. Sometimes referred to
as the check rate, recall is the percentage of correctly detected positive samples out of
all the positive samples.Combining a binary classification model's precision and recall
yields a metric called the F1-score, which is frequently used to evaluate the model's
performance. Since mAPS50 is a very important metric in target detection, it measures
the average accuracy of the model at an IoU (intersection and concurrency ratio)
threshold of 0.5. IoU quantifies the degree of overlap between the predicted bounding
box and the actual bounding box. The F1-Score is a composite statistic that balances
precision and recall, calculated using the harmonic mean.

The YOLOvV10s shows superior performance in terms of preprocessing image
speed, specifically,YOLOvV10s has a higher postprocessing speed. YOLOv10s exhibits
outstanding performance in post-processing speed, setting a new benchmark for fast
image processing completion.This noteworthy benefit of the YOLOv10s during the
last phases of image processing emphasizes how well-suited it is for quick output
preparation, which is crucial for real-time applications[50].The faster post-processing
speed enables YOLOvV10 to quickly adapt and accurately detect targets in various
scenarios. This aids the model in maintaining stable performance in complex
environments and enhances its generalization capability. According to survey analysis,
the efficient post-processing speed of YOLOv10s allows it to swiftly identify various
objects in dynamic environments, providing real-time information for robots' path
planning and decision-making.

I11. Analysis of Yolov10s performance

Ten graphs depicting various metrics from the model's training and validation
phases for the determination of diseases and pests in tea leaves are shown in Figure
25. Box loss, classification loss, distribution focal loss, precision, recall, and mean
average precision (mAP) are some of the measurements. The graphs demonstrate an
overall upward tendency over epochs. Model improvement is indicated by
diminishing values for the loss measures (Box Loss, Classification Loss, Distribution
Focal Loss). Description of the role of each loss function:Localization loss box_loss:
the error (GIOU) between the predicted box and the calibrated box, the smaller the

more accurate the localization;Classification loss cls loss: calculates whether the
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anchor box is correctly classified with the corresponding calibration, the smaller the
more accurately classified;Dynamic Feature Loss (dfl loss): dflloss is a loss function
used to regress the distance between the prediction frame and the target frame. When
calculating the loss, the target box needs to be scaled to the feature map scale, i.e.,
divided by the corresponding stride, and the Ciou Loss is calculated with the predicted
bounding box, while the regression DFLLoss is calculated with the distance from the

center point of the predicted anchors to each side.
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Figure 25 Performanceof the YOLOv10s model
MAP50-95 is a robust metric that evaluates an object detection model's accuracy
by considering both the precision and recall at multiple IoU thresholds, giving a
thorough estimate of the model's detection capabilities across various scenarios.From
Figure 25, we could see that the loss function curves are all gradually stabilizing. The
precision, recall, and mean average precision (mAP) curves leveled off, indicating

that there was no overfitting in the model training.

As shown in Figure 26,mAP represents the area conver by Precision and Recall
when plotted as two axes, with 'm' indicating the average, and the number after '@’
representing the threshold for determining positive and negative samples based on
IOU.We typically use the PR curve to illustrate the relationship between Precision and
Recall. PR curves are generated by calculating the precision and recall of a model at
different thresholds and plotting these points in a two-dimensional coordinate system.

The horizontal axis usually symbolizes Recall and the vertical axis illustrates
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Precision. The PR curve for the training results in this paper is shown above. And
mAP@0.5: This indicates the average mAP with a threshold greater than 0.5. It can be
observed that the mAP@0.5 value for the object detection model in this paper is
0.844, which is quite good.
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Figure 26 Precision-Recall curve

In the YOLOV10s training results, the normalized confusion matrix image is an
important tool for evaluating model performance.A normalized confusion matrix
scales each cell's value to a range between 0 and 1, usually by normalizing each row.
This allows for a more intuitive display of the classification accuracy and error rates
for each class.By identifying the main classes that are misclassified, you can target
improvements in the dataset or model. For example, you might add more training
data, adjust the model architecture, or fine-tune hyperparameters.Normalization helps
fairly evaluate: model. performance in cases where class distribution is imbalanced,
avoiding dominance by classes with more samples.This normalization allows us to
visually compare classification ‘accuracies between categories and identify the
categories on which the model performs better or worse.As shown in Figure 27,The
probabilities of correctly detecting brown_blight, gray blight, and tea leafthopper are
0.77, 0.83, and 0.79.1t has been found that there is cross-detection error between

brown_blight and tea leathopper.We need to ensure the diversity, representativeness,
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and unbiasedness of the data. Collecting a more diverse range of data can assist the

model in generalizing more effectively.
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Figure 27 The confusion matrix

Here are the results of the images of tea diseases and pests detected by the model
YOLOvV10s as shown in Figure 28. All three tea diseases, gray, brown and leathopper,
were detected by the model, with cross-combination ratios exceeding 0.5.YOLOv10s
performs exceptionally well when dealing with partially blurred leaves, thanks to its
multi-scale feature fusion technology. However, when the blurring is extremely high,
the model may encounter difficulties. When handling overlapping pests, the model
can recognize multiple targets simultancously, but it may struggle when the pests are
very tightly overlapped. The model exhibits robustness to lighting conditions and
maintains stable performance under varying lighting. Nevertheless, under extreme
lighting conditions, the model may be disturbed and unable to accurately identify

targets.
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Figure 28 Diseases and pests in tea identifying results

IV.Analysis of tea diseases and pests detection system

In order to design a complete human-computer interface for basic detection of
tea diseases, we need to design carefully and debug continuously. As shown in Figure
29,Confidence threshold,that is the conf parameter when target detection, the result
will be displayed only if the confidence of the detected target is greater than this
value.Intersection and merge ratio threshold,that is the intersection over union
(IOU)parameter when target detection, only if the intersection and merge ratio of the

target detection frame is greater than this value, the result will be displayed.

From Figure 29, we can see that the detected tea disease of the image is
brown_blight,the image has only one disease and the detection takes 0.765s.The tea
disease style, location, and confidence level are shown.This tea disease detection
system interface is designed to promote tea plantation disease control towards

intelligence, precision and efficiency.
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Figure 29 This tea disease detection system interface

Main functions of the software:

1. It can be used to detect and count the number of tea diseases in actual
scenarios.

2. It supports pictures, videos and cameras for detection, and also support batch
detection of pictures.

3. The interface can display real-time information such as target location, total
number of targets, confidence level, time and so on; 4. support for saving the
detection results of pictures or videos; 5. support for the detection of faces in real
scenes.

4. It supports saving the detection results of pictures or videos.

Confidence threshold: that is, the conf parameter when target detection, the result
will be displayed only if the confidence of the detected target is greater than this
value.

Intersection and merge ratio threshold: that is, the IOU parameter when target
detection, only if the intersection and merge ratio of the target detection frame is

greater than this value, the result will be displayed.
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Show label name and confidence indicates whether the label name and
confidence in the detection of the picture, show the default unchecked, if the check
box will show the label name and confidence in the detection of the picture.

Total Targets: Indicates the number of faces in the screen, which can be used for
headcount.

Target selection: a single tea disease target can be selected for location
information, confidence level view.

Target position: indicates the detection frame of the selected target, the
coordinate position of the upper left corner and the lower right corner. The default
display is the largest confidence level of a tea disease target information.

(1) Picture detection instructions

Click the Open Picture button to select the picture to be detected, or click the
Open Folder button to select the folder where the pictures need to be detected in bulk,
the operation is demonstrated below:

After clicking the target drop-down box, you can select the specified target to
display the result information.

Click the Save button, the results will be saved, the storage path is: save data
directory.

Note: 1. The target position on the right side displays the position of the target
with the largest confidence level by default, and the target can be switched with the
drop-down box. All test results are displayed in the table at the bottom left.

(2) Video detection instructions

Click on the video button to open the selection of the video to be detected, it will
automatically display the detection results, click again to close the video.

Click the Save button, the video detection results will be saved, the storage path
is: save data directory.

(3) Camera Detection Instructions

Click the Open Camera button to open the camera, you can open the camera, you
can real-time detection, click again, you can close the camera.

(4) Save picture and video detection instructions
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After clicking the Save button, it will save the detection results of the currently

selected pictures [including batch pictures] or videos. The detected picture and video
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Chapter 5 Conclusions

Tea diseases and pests are diverse, and currently, the detection of tea plant
diseases and pests mostly relies on the expertise of specialists. Therefore, this paper
proposes a tea plant disease and pest recognition model based on ensemble learning.

For the tea leaf disease classification and identification model, three advanced
deep learning image classification models VGG16, Resnet50 and DenseNetl69
models were selected, and by adjusting the model parameters for the training of the
dataset, it was concluded that the DenseNet169 model had the highest test accuracy
and the lowest loss function value. Developing corresponding tea disease
identification systems and the problem of data imbalance and generalization
capability will be the focus of future research.

To achieve effective disease and pest recognition, we conducted the following
work. Firstly, the widely used YOLOvVS model is chosen in the field of object
detection. Secondly, we made three improvements to the YOLOvVS model for disease
and pest detection. The CSP is upgraded to CSPK, which better enhances feature
propagation, aiding in better information transmission between different layers of the
network, thus improving performance. @ The ODConv and CBAM attention
mechanisms are added to allow the model to focus better on targets such as leaf
blight.

As the updated version of the model for target detection becomes faster and
faster, hence, in order to recognize tea leaf pests and diseases image, this research
suggests recent YOLOv10s object detection methods. The primary goal of the
comprehensive evaluation and comparison of the some trained models: YOLOV9s,
YOLOvV8s, YOLOVSs, the improved YOLOvSs,as well as Faster R-CNN, SSD
models.YOLOv10s on the wvalidation set was to identify the advantages and
disadvantages of ‘each model in terms of important metrics like Precision, Recall,
mAP50 and F1-Score. The YOLOvI10s model performs the most effective in
recognition accuracy and speed. This not only aids in choosing the best model for a
given set of requirements in real-world applications, but it also directs later attempts
at model refining and optimization to increase detection speed and accuracy.

Additionally, we conducted comprehensive testing of the entire system,

ultimately developing a smooth, high-precision object detection system interface,
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which is the presentation interface of this paper, including a complete Ul interface,
test images, and videos.

In the end, we may get a deeper understanding of the resilience, generalization
capacity, and detection performance across several categories thanks to this
methodical comparison and study, which lays a strong foundation for creating
computer vision systems that are more effective.

Despite the promising results, the study has several limitations. Firstly, the image
used for training and validation was collected from a specific region, which may
restrict the model's ability to generalize to other regions with different tea varieties
and pest distributions. Secondly, the model's performance in identifying rare or
uncommon pests and diseases has not been thoroughly evaluated, as these cases may
not have been adequately represented in the image. Additionally, the current research
focuses on still images, and the model's performance in real-time video surveillance
or under varying lighting conditions has not been tested.

The results of this study carry significant importance for the tea industry. By
utilizing advanced Al and deep learning methodologies, the efficiency and precision
of identifying tea leaf diseases and pests can be considerably enhanced. This enables
earlier detection and intervention, minimizing pesticide usage and enhancing the
overall quality and sustainability of tea production. Additionally, the creation of a
user-friendly recognition interface can ease the adoption of this technology by farmers
and tea processors, empowering them to make more knowledgeable decisions
regarding pest management and crop wellbeing.

We will keep refining the model in subsequent work, looking for more effective
techniques with fewer parameters. Additionally, we'll investigate how to use the tea
leaf diseases and pests recognition model. To fully capture the process of tea diseases
data, more photos gathered at varying heights will be needed in the future.
Additionally, more training samples will be needed to boost recognition rates. Drones
and the detection technique can also be used together to decrease the amount of model
parameters and accomplish real-time detection. The use of drones, sensors, and
cameras to collect farm data raises serious privacy concerns. Personal information
such as farmer identity, farm layout, and crop varieties may be inadvertently captured

and misused. To address these issues, robust data encryption, secure storage solutions,
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and stringent access controls must be implemented. Farmers should be informed of
data collection practices and obtain their consent before any data is collected.It was
also mentioned that further consideration should be given to the potential ethical and
environmental consequences arising from the application of pesticides based on insect
detection.

Nonetheless, certain hardware configurations are still needed for quick detection.
We think it has a lot to offer smart agriculture, green agriculture, and sustainable

agriculture.
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