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Abstract In order to realize rapid and accurate identification of rice pests, a rice pest identification method based on transfer
learning and convolutional neural network was proposed in this paper. First, the images of rice pests were preprocessed. Pre-
processing methods include translation, inversion, rotation, and scaling. According to the characteristics of the pests, the
images were divided into six categories, namely, rice leaf roller, rice planthopper, rice plant thopper, rice leaf roller, rice
plant thopper, rice plant thopper, rice locust, and rice weevil. Then, based on the transfer learning method, the weight
parameters trained by the VGG16 model on the image data set ImageNet were transferred to the recognition of rice pests.
The convolution layer and the pooling layer of VGG16 were used as the feature extraction layer. Meanwhile, the top layer
was redesigned as the global average pooling layer and a softmax output layer. Part of the convolutional layer is frozen during
training. The experimental results show that the average test accuracy of this model is 99.05%, the training time is about
1/2 of the original model, and the model size is only 74. 2 MB. The F1 values of six insect pests, namely, rice grasshopper,
rice planthopper, rice weevil, striped rice borer, the rice leaf roller, and yellow rice borer, were 0. 898, 0.99, 0.99, 0.99,
1.00, 0.99, respectively. The experimental results show that this method has high identification efficiency, good
identification effect and strong portability, which can provide a reference for the efficient and rapid diagnosis of crop pests.
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Fig. 1 Samples of rice pests. (a) Rice weevil; (b) rice planthopper; (c) rice grasshopper; (d) striped rice borer;

(e) rice leaf roller; (f) yellow rice borer
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Table 1 Rice pest dataset

Number of images

Pest species . After data
Original enhancement

Rice weevil 112 1120
Rice planthopper 122 1220
Rice grasshoppe 107 1070
Striped rice borer 127 1270
Rice leaf roller 106 1060
Yellow rice borer 102 1020
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Fig. 2 Structure of convolutional neural network
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Table 2 Experimental comparison of different top-level design

schemes
Experiment  Accuracy / ) Model size /
Loss Time /s
number % MB
1 84.70 0.689  9439.03 68.4
2 96.43 0.098 9650 154
3 96. 94 0. 090 9742 252
4 97.15 0.098 10524 968
5 91.84 0.330 9244 56.2
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Table 3 Influence of freezing all convolutional layers on experiment

Whether to unfreeze

Model . Accuracy /% Loss Time /s Model size /MB
convolution layer

No 96.43 0.098 9650 154
VGG16 M

Yes 98.98 0.042 10015 172

No 91.84 0.330 9244 56.2
VGG16_N

Yes 99.05 0.025 9661 74.2
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Fig. 5 Recognition effect based on the newly learned VGG 16. (a) Accuracy curve;(b) loss curve
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Table 4 Comparison between improved scheme and original model

Model Learning method Accuracy /% Loss Time /s Model size /MB
VGG16 New learning 86.5 0.93 20204 1000
VGG16_N Transfer learning 99.0 0.02 9661 74.2
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Table 5 Classification performance of proposed model

Pest species Precision Recall F1
Rice grasshoppe 0.98 0.99 0.98
Rice planthopper 0.99 0.99 0.99
Rice weevil 0.99 0.99 0.99
Striped rice borer 0.99 0.99 0.99
The rice leaf roller 1.00 1.00 1.00
Yellow rice borer 1.00 0.99 0.99
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Table 6 Performance comparison of different network models

Model Learning method Accuracy /% Loss Time /s Model size /MB

Alexnet New learning 94. 20 0. 3089 5109 444
Resnet34 New learning 98. 25 0.0719 15128 173
Resnet50 New learning 96.79 0.1911 398270 349
VGG16_ N Transfer learning 99.05 0. 0247 9661 4.2
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