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Recognition of powdery mildew disease of strawberry leaves based on con-
volutional neural network

YANG Jin-dan, YANG Tao, MIAO Teng, ZHU Chao, SHEN Qiu-cai, PENG Yu-fei, MEI Po-zhang,
DANG Yu-qing
( College of Information and Electric Engineering, Shenyang Agricultural University, Shenyang 110161, China)

Abstract: A disease recognition model based on convolutional neural network was proposed for the recognition of
strawberry leaf powdery mildew disease under computer vision. Firstly, a total of nine different types of network depth and
convolution kernel size consisting of cross combination of three types of network depth (through three, four and five convo-
lution operation) and three types of convolution kernel (5%5 and 3x3, 5x5 and 3x3 mixed) were designed. Secondly, four
kinds of sampling layer construction method (average pooling, max pooling, median pooling and mixed max-average poo-
ling) were chosen. Finally, nine model recognition tests consisting of different ratio of training set and test set were per-
formed. The results showed that the CNN-9 model based on mixed max-average pooling was the best, and the correct recog-
nition rate of strawberry leaf powdery mildew disease was 98.61%. This method can better identify strawberry leaf powdery
disease, and the image preprocessing is simple and easy to popularize, and it can be used for real-time monitoring of straw-
berry powdery mildew.
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Fig.1 Example of the strawberry leaf image database
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Table 1 Convolutional neural network ( CNN) model with differ-

ent structures
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CES A R 24 T B RRAIE P B A2 4l
CNN-1 5%5 7 16—32—64
CNN-2 3x3 7 32—32—64
CNN-3 5%5,3%3 7 16—32—64
CNN-4 5%5 9 16—32—64—128
CNN-5 3x3 9 32—32—64—128
CNN-6 5%5,3%3 9 16—32—64—128
CNN-7 5x5 11 16—32—64—64—128
CNN-8 3x3 11 32—32—64—64—128
CNN-9 5%5,3%3 11 16—32—64—64—128
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Fig.2 Variation of the recognition rate of CNN with different

structures with the number of iterations
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Table 2 Identification of powdery mildew disease in different pooling methods
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Table 3 Identification rate of powdery mildew disease in different

pooling methods

WHIR (%)
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{d 95.58 99.15 98.86 99.43
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Table 4 Effect of the ratio between training set and test set on the

model recognition rate
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