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Rice Disease Image Recognition Research Based on Convolutional
Neural Network
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(1. Teaching Affairs Office, Yunnan Agricultural University, Kunming 650201, China;
2. College of big data, Yunnan Agricultural University, Kunming 650201, China)

Abstract: [ Purpose | In order to solve the problem that traditional rice disease recognition techno-
logy has strong dependence on specific features of images and low recognition efficiency, we pro-
posed to apply deep learning theory to rice disease identification in order to obtain better recognition
results. [ Method ] The rice disease recognition model was established by using the deep convolu-
tion neural network. The data of three main diseases of rice were normalized, and deep learning
framework Keras was used to perform deep CNN training. By setting different convolution kernel
sizes and pooling functions, the three common diseases of rice were identified and identified.

[ Result ] Experimental results show that the convolution kernel size was 9x9 and the pooling func-
tion adopted the maximum pooling, and the model recognition rate was the highest; the accuracy rate
of the model after 5 iterations could reach more than 90%; the image tended to be stable and the mod-
el basically reached convergent after 6 iterations. From the perspective of model performance analys-

is, the loss function showed a gradient descent trend, the change was relatively stable, and the predic-
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tion loss deviation gradually decreased. [ Conclusion ] This model has the characteristics of strong

generalization ability, high accuracy, good robustness and small loss rate, which provides a reference

for the research of plant disease identification.

Keywords: convolutional neural network (CNN); rice disease; image processing; recognition model
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Fig. 1 The basic structure of convolutional neural network
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Tab. 1 Model parameter and test accuracy analysis table

A 24 model parameter IS5 i) /h TR ) 2%
BRUZRSF convolution kernel size WAL pooling type training time accuracy
5%5 max pooling 0.4 91.01
7x7 max pooling 0.45 92.12
9%x9 max pooling 0.52 96.67
11x11 max pooling 0.65 96.05
5%5 mean pool 0.41 91.47
77 mean pool 0.49 92.43
9%9 mean pool 0.55 96.39
11x11 mean pool 0.69 96.65
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2 04 \ — train loss
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0.2 T
0 il
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e train ace. FEASUIZRUERTR; train loss. FEAYIZRIZ R ; val acc.
WM AUER %5 val loss. MHAREARTI K F; acc-loss. HERHF A K
FAH; epoch. FRAIEAIKEL,

Note: train acc. the sample training accuracy rate; trainloss. the sample
training loss rate; val acc. the test sample accuracy rate; val loss. the test
sample loss rate; acc-loss. the accuracy rate and loss rate value; andepoch.
the model iteration number.
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Fig. 3 Prediction of disease performance using a model
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