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Abstract

In recent years, convolutional neural networks (CNN) have been rapidly developed and widely
used in plant disease detection. Tomato leaf disease is an important plant disease, so it is neces-
sary to design a model that can accurately identify tomato leaf disease. The DCNet model mainly
uses dilated convolution technology to train the network model, and uses batch normalization
technology to accelerate model convergence, and uses dropout technology to avoid overfitting. At
the same time, batch normalization and dropout technology were used to reduce the training
times of the model and improve the classification efficiency of plant leaf diseases. The experiment
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showed that, compared with different CNN models, the model achieved the best effect in solving
the problem of tomato disease classification, no matter the number of parameters or classification
accuracy.
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Figure 1. Convolution kernel of extended convolution
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Figure 2. DCNet model
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Figure 4. Yellow leaf curl virus disease classi-
fication results
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Figure 5. Accuracy of training and testing
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Table 1. Test accuracy comparison of models

= 1. BRI EREXTEE

Y A RS 2 (%)
VGG16 87.5%
VGG19 97.57%

ResNet18 97.5%
GoogLeNet 91.32%
AlexNet 96.1%

DCNet 98.83%

Table 2. Comparison of parameters of the model

=2 BERNSHENLL

Ay S
VGG16 517.17 M
VGG19 538.27 M

ResNet18 43.95M
GoogLeNet 47.96 M

AlexNet 242.03 M
DCNet 19.7M
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DA i DCNet 5 BUAE 2 AE G EOR BE Fib RAEB S4B T7 T, #EA&— Mm%, KM% DCNet
BRI S PR AN AER M S 76 SR 25 D) P R R AR, BRI N4 E e AR KR R RS E], &
S AT AR 2% LR L Ahy S P A8 e

E&UH

T PM A 2 e AR 4% 3 H (Ky202103, ky202207, ky202108, ky202201).
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