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Abstract: The yield of coffee has a significant effect on the development of the economy. It is important to monitor the health 
status of coffee plants. Leaves can represent the growth of crops. Analysis leaf image is an effective method to monitor crop 
growth status. With the advancement of artificial intelligence technology, neural networks with strong learning ability have been 
proposed. They have high accuracy in identifying leaf pests and diseases. However, the structure of these networks is complex 
and the speed of computing is slow. They are not conducive to real-time analysis. For simple networks, it is difficult to achieve 
high recognition accuracy directly. To solve this problem, a lightweight model is designed for leaf image analysis. Leaf images 
are learned by VGG network with pre-trained weights on ImageNet. Use the VGG network as a teacher network. Then design a 
lightweight student network. Train student network with knowledge distillation method. A lightweight model with high 
recognition accuracy can be obtained. This research explored the effect of the method on the coffee leaf data set. Experiment 
proved that the accuracy of the proposed method is 96.73%. The accuracy was 4.29% higher than directly training. Meantime, 
the calculation speed of the model is quick. The proposed method is of great practical significance for identifying coffee leaf 
pests and diseases. 
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1. Introduction 
The fruit of the coffee plant is nutritious. It has many 

industrial and product chains. So, it has an important impact 
on economic development [1]. Coffee leaves contain nutrients 
such as chlorophyll. Its content reflects the health status of the 
plant. Analysis plant leaf image is a method to monitor plant 
health. Judging the growth state of the leaf by human eyes and 
experience are labor-intensive. And it is also less efficient. 
With the promotion of agricultural intelligence, machine 
learning and other technologies have been introduced into 
agricultural production [2]. Deep learning methods have 
shown excellent efficiency in recent years. They can process 
images to achieve reasonable analysis results. Especially, 
deep and large neural networks have great learning abilities 
[3]. But their number of parameters makes calculation 
difficult. The calculation speed of the model is slow. Real-
time analysis cannot be satisfied in production. Lightweight 
models are much faster to analyze [4]. However, it is difficult 
for lightweight models to achieve high recognition accuracy 
directly. They need knowledge base during training. The 
parameters are adjusted by iterative fitting. Knowledge 
distillation is a feasible way. It can make lightweight models 
learn from larger models. The results are usually better than 
independent study. Therefore, a rich knowledge base and an 
effective distillation method are necessary elements. This is 
also a research direction in current production and application 
[5]. 

2. Related Work 
In recent years, researchers have carried out a series of 

work on crop leaf pests and diseases. Y Sun proposed a new 
algorithm combining SLIC (Simple Linear Iterative Cluster) 
with SVM (Support Vector Machine) [6]. The accuracy and 

F-value are 96.8% and 97.7% respectively. JAAA Basavaiah 
used random forest and decision tree classification algorithms 
to classify leaf disease [7]. The classification accuracy is 90% 
for decision tree classifier and 94% for random forest 
classifier respectively. J Suto found an interesting deficiency 
and a key difference between studies [8]. This work offered 
an overall review about the efficient. In 2020, A Nigam used 
the PCA algorithm to extract specific features [9]. Moreover, 
the feature extraction and BFO-DNN method was proposed. 
And it achieved good results. In 2021, Z Jiang improved the 
Visual Geometry Group Network-16 model based on the idea 
of multi-task learning and then use the pre-training model on 
ImageNET for transfer learning and alternating learning [10]. 
The accuracy of such model is 97.22% for rice leaf diseases 
and 98.75% for wheat leaf diseases. In the same year, SK 
Noon proposed a simple yet efficient deep learning-based 
framework to recognize cotton leaf diseases [11]. The 
proposed model is capable of achieving the near ideal 
accuracy with early convergence to save computational cost 
of training. W Zeng proposed a lightweight dense-scale 
network for real-world corn leaf disease image identification 
and a new loss function [12]. Experimental results proved that 
the accuracy of the optimized model on the test data set 
reaches 95.4%. In 2022, Zhen Wang proposed a novel deep 
neural network structure named as MPF-Net for weed species 
identification [13]. The calculation speed of this model is fast 
and the accuracy is high. Among these methods, the structure 
of some models is complicated. Their calculation speed 
cannot meet the real-time requirement in production. 
Lightweight models are difficult to achieve high accuracy. 
After a comprehensive consideration, knowledge distillation 
is used to train a lightweight model in this research. The 
generated model has high calculation speed and high accuracy. 
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3. Method  

3.1. Data Preprocessing 
The experimental object of this research is coffee leaves. 

There are 5 kinds of pests and diseases on coffee leaves. They 
are respectively healthy, browned, withered, perforated and 
spotted. The number of 5 kinds of images are 327, 286, 295, 
351 and 332 respectively. As shown in Figure 1. 

 

 
Figure 1. Images of coffee leaf 

 

There may be noise in the original images. Noise will affect 
the change of image gray value and interfere with the display 
of detail features. In the preprocessing stage, the mean 
filtering method is used to suppress the noise on the image 
[14]. Mean filtering replaces the value of the center pixel with 
the mean of all pixels in a fixed window. Figure 2(a) and 
Figure 2(b) respectively show the histogram distribution of 
the image before and after filtering [15]. After filtering, the 
noise of the image is reduced and the gray value is stable. 

(a) (b)

 
Figure 2. Histogram distribution of the image before and after 

filtering 
 

Resize all images to 64×64. The input image contains three 
color channels such as R, G, and B. Output category for each 
image. Use one-hot to encode the category of each image. 

3.2. Principle 
The method proposed in this research is to train and obtain 

a large network with excellent recognition effect by transfer 
learning firstly. Then, design a small network. Use knowledge 
distillation to make the small network learn information 
extracted by the large network. Finally, A lightweight model 
with fast computing speed and high recognition accuracy is 
generated. 

Transfer Learning is a machine learning method. Start with 
the model developed in Task A. Develop the model in Task B 
again. Transfer learning can use knowledge from a related 
task that has been learned to learn a new task [16]. It is often 
difficult for a model to learn all the feature representations in 
the same task. This requires different models to learn and 
adjust from other models. This research used transfer learning. 
Its flow is shown in Figure 3. Prepare the pre-trained weight 
of VGG on ImageNet. The parameters of the VGG network 
were adjusted on the coffee leaves. This allows the model to 
be better optimized. Use the trained VGG network as a 
teacher network. 

People often use complex models to get the best results. 
This may lead to severe redundancy of parameters. For 
example, VGG has about 100 million parameters. In the case 
of forward propagation, it includes convolution computation, 
compression and full connection. The process of calculation 

is complicated. It has poor performance in practical 
engineering application. Teach what a complex model 
(Teacher) has learned to another lightweight model (Student). 
The lightweight model can often learn more than by its own. 
And the model works a lot faster. This method is called 
knowledge distillation [17]. As shown in Figure 4. It is an 
effective model compression method. The model generated 
by this method has good practical application value. 
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Figure 3. Flow chart of transfer learning 
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Figure 4. Flow chart of knowledge distillation 
 
In neural network model, convolution layer is used to 

extract image feature information [18]. The calculation 
formula of convolution is shown in (1). 
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Where i represents the ith convolution layer, j represents the 
jth channel of the current convolution layer, pi is the width of 
the convolution kernel, m indicates the feature mapping from 
the previous layer to the current layer, b is bias, w is the 
weight matrix. The batch normalization layer speeds up the 
iterative convergence of the network. The pooling layer are 
used to compress the size of feature map. It speeds up the 
calculation. The role of the dropout layer is to prevent the 
model from overfitting and make the model generalize. The 
fully connected layer gets the mapping of the feature data. Its 
forward propagation [19] formula is shown in (2). It can also 
be used as the final forecast output. 
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Where xi is the paved feature vector, wij is the weight, bj is 
the bias. 

3.3. Model 
In this research, the VGG network [20] was used to learn 

the information of coffee leaf images. Pre-trained weights on 
ImageNet were added at the beginning of training. Keep 
training until the loss function converged, the VGG network 
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with good recognition effect is obtained. Use it as a teacher 
network. A lightweight convolution neural network is also 
designed. Use it as a student network. The knowledge 
distillation method is used to make student network learn the 
information extracted by the teacher network. Finally, the 
lightweight network with fast computing speed and high 
accuracy was obtained. The complete flow of the proposed 
method is shown in Figure 5. 
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Figure 5. The complete flow of the proposed method 

 
The student network has two convolution layers. The first 

convolution layer has 16 filters. The second convolution layer 
has 32 filters. Each convolution layer is followed by batch 
normalization and pooling operations. Pooling layer reduces 
the length and width of the feature map to a quarter of its 
original size. The goal is to speed up the computational 
efficiency. The multi-dimensional feature map is mapped to 
the fully connected layer containing 32 neurons. Finally, the 
activation function is the SoftMax function of the 5 neurons. 
They output probability. It represents the probability of 
belonging to a certain class. The cross-entropy loss [21] 
function is used in the training. The formula is shown in (3). 

 )log(* ii pyL             (3) 

Where yi is the true label for which class the sample 
belongs to, pi is a prediction probability [22] belonging to 
class i. Dropout operation has been added. To prevent the 
model from overfitting. And make the model generalize. The 
structure diagram of teacher network and student network is 
shown in Figure 6. 
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Figure 6. The structure diagram of teacher network and student 

network 
 
After knowledge distillation, the student network will have 

the recognition ability of the teacher model. The calculation 
speed of the model is also improved while the accuracy is 
guaranteed. 

4. Results 
The calculation framework of this research is TensorFlow. 

The data set is divided into the train set and the test set in a 
ratio of 3:1. Use 10% of the train set as the verification set. 
The network structure of the proposed model is shown in 
Table 1. 

The proposed model is lightweight. Compared to large 
models, its speed of calculation is very fast. The experiment 
also compares the recognition efficiency of different models. 

As shown in Table 2. 
 

Table 1. The network structure of the proposed model 
Name Kernel size Stride Output size 

Conv1 3×3 1×1 64×64×16 

BN1 -- -- 64×64×16 

Pooling1 4×4 4×4 16×16×16 

Conv2 3×3 1×1 16×16×32 

BN2 -- -- 16×16×32 

Pooling2 4×4 4×4 4×4×32 

Flatten -- -- 512 

FC -- -- 32 

 
Table 2. The recognition efficiency of different models 

Method Accuracy Time

SVM 87.91 0.023s

VGG 97.23 1.314s

VGG with pre-trained weights 97.98 1.297s

Lightweight model 92.44 0.065s

Proposed model 96.73 0.069s

 
It can be seen from Table 2 that the accuracy of the method 

proposed is 4.29% higher than the model directly trained with 
light weight. It was only 1.25% less accurate than the teacher 
network. It shows that the proposed method not only has high 
computation speed, but also has good recognition effect. The 
region of interest of the model to the leaf image is visualized 
[23]. Verify the ability of the model to extract features. As 
shown in Figure 7. 

 

 
Figure 7. Visualization of the feature region of the images 

 
For leaves infected with pests and diseases. The model can 

extract the feature region of the images correctly. This is 
helpful for analysis of leaf pathology. Properly monitor crop 
health and prevent the spread of pests and diseases. Plot the 
confusion matrix [24] and T-SNE visualization [25] results. 
As shown in Figure 8. 

 
Confusion matrix of coffee leaf T-SNE visualization of coffee leaf

 
Figure 8. Confusion matrix and T-SNE visualization 

 
For most categories of samples, the model has a high 

recognition accuracy. After the data of the fully connected 
layer are compressed into two dimensions, the scatter plot is 
drawn. The distribution of samples with extracted features 
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showed obvious regularity. Samples of the same kind are 
close together and samples of different kinds are far apart. 
This helps identify pests and diseases in the sample. 

5. Conclusion  
This research took into account the slow calculation speed 

of large models. And the direct learning efficiency of 
lightweight models is not good. This research proposed a 
method based on transfer learning and knowledge distillation 
to identify diseases in coffee leaves. The large network with 
pre-trained weights on ImageNet was used to learn 
information about coffee leaf images. Use it as the teacher 
network. Design a lightweight convolution neural network. 
Use it as the student network. The knowledge distillation 
method is used to make the student network learn the 
information extracted by the teacher network. Finally, a 
lightweight network with fast computing speed and high 
accuracy is obtained. Experimental results show that the 
proposed method is fast in computation and high in 
recognition accuracy. The model can be used for real-time 
analysis. It has good practical significance for monitoring 
crop health status. 
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