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Abstract: Tea trees are extremely vulnerable to diseases and insect pests in the growth process, which seriously affects the
yield and quality of tea leaves. This requires the identification and treatment of infected tea leaves in time. With the rapid
development of artificial intelligence and computer vision, there is a new trend to identify the images by computer. However,
there often exists environmental changes such as illumination intensity, sample angles and background in the leaf images
collected in natural scenes, which results in the difference of data distribution. This makes the traditional deep learning method
unable to solve the problem of cross-domain classification very well, thus seriously affecting the accuracy of classification. This
study mainly focuses on the cross-domain task with unaligned data distribution. A domain-adaptive based method was proposed
to realize the cross-domain classification of tea leaf diseases. The experimental results verify the effectiveness of the presented
method and provide new thoughts for the cross-domain classification problem in agriculture.
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1. Introduction

Tea tree is an important economic crop in the world and an
important industry to drive tea farmers out of poverty.
However, tea leaves are often attacked by diseases and insect
pests. It is of great significance to ensure the yield and quality
of tea by identifying the types of infected tea leaves accurately
and taking protective measures timely.

The appearance and growth state of tea leaves can provide
a prediction basis for the growth trend of tea trees. With the
rapid development of computer technology, the identification
of tea leaves images has been widely studied with the help of
computer vision. Since 2006, deep learning technology has
developed rapidly and has made remarkable achievements in
the field of image recognition. As the core technology of deep
learning, convolutional neural network (CNN) is widely used
in the field of automatic recognition of tea leaf images. Chen
et al. [1] developed a CNN model called LeafNet to classify
tea leaf diseases by extracting image features automatically.
Gayathri et al. [2] proposed a deep CNNs called LeNet to
discover the tea plant diseases from leaf image set, which can
be applied to improve the diagnostic measurement of tea
leaves. Hu et al. [3] proposed an improved deep CNN for tea
leaf disease identification, in which the depthwise separable
convolution is used to reduce the number of model parameters
and accelerate the calculation of the model. Experiments
show that the average identification accuracy is higher than
classical deep learning methods .

The effectiveness of deep learning benefits from the
construction of deep neural networks, and its training process
requires a large number of parameters training tasks. In order
to improve the generalization ability of the neural network
models and avoid the overfitting problem, the model training
process usually requires the input of a large number of labeled
data samples for learning. However, in practical application
scenarios, the acquisition of data samples may have
environmental changes, such as the change of illumination
intensity, shooting equipment and shooting angles. Changes
in the environment often lead to different data distribution of
the acquired sample images, thus reducing the effect of image
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recognition. In other words, the model with good recognition
effect of one kind of data distribution may show poor
performance in another kind of data distribution. To solve this
problem, domain-adaptive methods emerge. This method is a
transfer learning method aiming to transfer the classification
recognition ability learned in the source domain to the target
domain. Domain adaptive methods divide the training dataset
into labeled source domain and target domain with little or no
labels depending on the data distribution. When the model has
the ability to recognize the source domain data, this kind of
ability can be quickly transferred to the target domain through
the domain adaptive method. The basic idea of domain
adaptation is to map the data sets from different domains to a
same feature space and make their feature distribution as
close as possible, so as to realize cross-domain recognition.

There are many ways to realize domain adaptation, among
which the domain adversarial based neural network DANN
[4] is proposed. Its adversarial based idea has become one of
the main methods to realize domain alignment. chen et al. [5]
solve the domain shift problem at two levels: image level and
instance level, and construct domain classifiers by using
adversarial training to realize cross-domain object detection.
Hsu et al. [6] realize the conversion of the source domain to
the target domain by constructing the transition domain, and
adopts the adversarial training method to achieve domain
alignment at the feature level. Tseng et al. [7] use feature-wise
transformation layers by using affine transforms to simulate
various feature distributions under different domains. There
experiments show improvements on the few-shot
classification performance under domain shift.

2. Related theory

2.1. Convolutional neural network

Convolutional neural networks (CNN) is one of the key
factors for the success of deep learning in the field of
computer vision recognition. Unlike traditional machine
learning methods, which require manual feature extraction,
CNN can achieve end-to-end automatic feature extraction for
input images. The typical CNN structure is mainly composed



of convolutional layers, pooling layers and fully connected
layers.

Convolutional layer is one of the important structures of
CNN. It performs convolution computation by convolutional
kernels for the input features, so as to realize feature
extraction. The model parameters of the convolutional layer
are divided into the convolutional kernel part and the
deviation part. A convolutional network with different
structure and complexity can be designed between multiple
convolutional layers through parallel or serial connection.
The characteristic output of the i-th layer in the convolutional
network can be expressed as:

Yi = fi-aW; + by)

where W; is the weight parameter of the convolution
kernel in i-th layer, b; is the standard deviation value, y;_;
is the feature input of the convolutional layer (y, represents
the input image), and f represents the activation function.

The main function of the pooling layer is to strengthen the
spatial invariance of the features extracted by the convolution
layers and reduce the excessive sensitivity to the spatial
position, so that the same object can be well recognized by
the model even if there are position changes. The common
pooling methods include maximum pooling and average
pooling, which calculate the maximum value and average
value in the pooling window respectively, so as to realize the
down sampling process of features. The characteristic output
of the j-th pool region of the s-th pool layer can be expressed
as:

x; =dxp,q)
where xf'l represents the feature input for this pooling
layer, p and q correspond to the height and width of the
pooling window respectively, and d represents the pooling
function.

After a series of convolution and pooling operations, one
or more fully connected layers are usually followed for the
image classification task. Softmax function is usually used to
map the output of the final network layer into a probability
distribution, in which all values are positive and the sum is 1.
The j-th output result can be expressed as:

K
0; = Softmax(z;) = ezi/z e’k
k=1

where z represents the output vector of the last connected
layer. K is the output numbers of the last connected layer, and
JE€ {1,...,K}.

2.2. Domain adaptation

The traditional deep learning model is mainly trained on
the training samples with the same data distribution, and is
applied to the test samples with the same distribution. When
there are different data distributions between training samples
and test samples, the learned model based on a certain data
distribution usually cannot adapt to this difference well in
another data distribution, and shows poor generalization in
the specific classification task. Domain adaptation is the way
to solve this problem of differences in data distribution. It
divides the data sets into source domain and target domain,
aiming to realize the data alignment of different domains, so
as to transfer the recognition ability of the source domain to
the target domain. Therefore, the domain adaptive method is
essentially a transfer learning method.

3. Method

This study proposes a tea leaf disease classification

49

method based on domain adaptation, which is introduced
from the aspects of data sets and domain adaptive method
respectively.

3.1. Data sets

The data sets of tea leaf diseases selected in this study were
all collected in the tea garden in Tai'an, Shandong Province.
There are totally 746 images including healthy leaves and
three kinds of infected leaves, namely tea white star, tea leaf
blight, and tea wheel spot. After applying data enhancement
technology such as random rotation, random -cropping,
random color change, the number of the collected tea leaf
images were expanded to 4610.

For each category, 70% of the data were randomly selected
as the training set and 30% as the test set. The data of each
category in the training set are divided into source domain and
target domain in a ratio of 4:1. To simulate the different data
distributions of the source and target domains, the brightness
of the target domain data and the raw images in the training
sets are increased [8].

Classification Module
C

Feature Extracted
Module G

Domain Classification

Module D

GRL

Figure 1. Domain-adapted classification model of tea leaf disease

3.2. Domain-adaptive method

The source domain dataset in this study contains a large
amount of labeled data, and the target domain dataset contains
a large amount of label-free data. Assuming that the data
amount of the source domain images X° in the tea leaf
disease training set is n, and the number of categories is K,
the source domain data can be expressed as Dy
{(xf,y9)}s, , where x%eX®, y%eY® ={1,2,..,K}., The
amount of the target domain images X' is n,, then the target
domain data can be represented as D, = {(x,-t)}?il, where
xteXt. The data distribution of x5 and x° are similar but
different, constituting the cross-domain dataset. The data
labels Y* of the dataset x! are the same with YS. The
purpose of domain adaptation is to make the network model
with the ability of source domain data classification be
applied to predict the target domain data by reducing the
difference in data distributions of the source domain and
target domain.

The domain-adapted classification model of tea leaf
disease in this study is shown in Figure 1, which mainly
includes three modules: feature extraction module G, leaf
disease classification module C and domain classification
module D. The function of the feature extraction module is to
extract image features and confuse the feature distribution of
source domain and target domain; the leaf disease
classification module is to recognize leaf disease species
using the extracted features; the domain classification module
is to recognize which domains the input features are from. It
can be seen that the features obtained by the feature extraction
module are used as the input of the other two modules
simultaneously.

In order to train the model, on the one hand, it is necessary
to input the source domain images into the feature extraction
module, and predict the leaf disease type. The classification
loss L, are calculated by the predicted labels and the true



labels through the cross-entropy loss function, and the
parameters of the network branch are updated by back
propagation. On the other hand, it is necessary to input the
source domain images and the target domain images at the
same time. Then the features of these images are extracted to
enter the domain classification module for domain prediction.
The domain prediction loss of this branch can be expressed as:

Ly = —Z diog (D(G(D)) - Z(1 — d)log(1 — D(G(D))

where I represents the images from source and target
domain, d takes the value 0 when the input image is from the
source domain and 1 when it is from the target domain. The
training goal of the domain classification module is to make
the domain classifier more accurate, while the training goal of
the feature extraction module is to extract the common
features in the source domain and the target domain, making
the domain classifier unable to discriminate. Therefore, the
network training in this branch is a typical adversarial
thinking, and its training goal can be expressed as
max min L.

G D

In the specific implementation, Gradient Reversal Layer
(GRL) [9] is added between the feature extraction module and
the domain classification module to achieve the effect of
adversarial training. The loss function of the above two
branches constitutes the final loss of the network model,
which is expressed as Liorq = Ly + ALgA, where A is the
hyperparameter used to balance the two branches of the
network. After the training stage, tea leaf disease types are
predicted using the test set data. At this time, the domain
classification module is removed, and only the feature
extraction module and leaf disease classification module are
reserved for prediction.

Table 1. Comparison of classification accuracy of tea leaf disease
based on different models

Method Accuracy
Traditional neural network model 46.1%
Domain adaptive model 84.7%

4. Experiment

To verify the effectiveness of the domain adaptive method
in this study, we compare it with the traditional neural
network model method. Both the feature extraction module
and the leaf disease classification module use a pre-trained
GoogLeNet neural network architecture. The domain
classification module consists of three fully connected layers
with a number of neurons of 1024, 512 and 1, respectively.
The experimental comparison results are shown in Table 1. It
can be seen that the average accuracy of cross-domain
classification of tea leaf disease in the traditional neural
network model trained only with source domain data is only
46.1%, indicating that there is a large data distribution
difference between the target domain image and the source
domain image after brightness processing, and the
classification accuracy is low. However, the neural network
trained by domain adaptation can reduce the difference in data
distribution, and improve the classification accuracy of the
test set to 84.7%. The experimental results fully illustrate the
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necessity of using the domain adaptive algorithm on the
cross-domain data set of tea leaf disease, which can bring
great accuracy improvement.

5. Conclusion

In this paper, the classification method of tea leaf disease
based on domain adaptation are proposed. At first the tea leaf
disease classifier is trained with source domain data. Then the
data distribution between different domains are aligned
through adversarial training, so as to achieve a good
classification effect of leaf disease on cross-domain datasets.
The experimental results verify the effectiveness of the
domain adaptive method to solve the cross-domain
classification problem of tea leaf disease. Future studies will
combine cross-domain classification and few-shot learning to
conduct more beneficial exploration in the field of smart
agriculture.
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