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Rice leaf disease recognition model based on improved ResNet34
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Abstract: Rice leaf diseases can seriously affect rice yield, so it is very important to identify rice leaf diseases timely and
accurately. Convolutional neural networks perform well in the field of image recognition, but for rice leaf disease
recognition task, the existing CNN model has the problem of insufficient feature extraction ability. In this paper, a rice
leaf disease recognition model based on improved ResNet34 is proposed. The feature extraction capability of the model is
enhanced by introducing non-local attention mechanism and deep separable convolution layer. The non-local attention
mechanism effectively focuses on the key areas related to the disease in the image, which improves the sensitivity of the
model to the disease features. The depth separable convolution layer significantly reduces the number of model parameters
while maintaining the performance of feature extraction. The effectiveness of the proposed algorithm is verified by
comparing it with ResNet34, ResNetl0l, VGG16, VGG19, MobileNetV2 and Swin Transformer on rice leaf disease
data set. Compared to the ResNet34 model, the algorithm improved accuracy by 5.6%, recall rate by 4.8%, and F1
score by 5.2%. In addition, the robustness of the algorithm is evaluated, and the results show that the algorithm has
good robustness to image rotation, scaling and noise.

Keywords: rice leal disease; deep separable convolution layer; non-local attention mechanism; deep learning;

convolutional neural networks
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Fig. 1 Visualization of rice leaf disease data set
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Fig. 3 Non-local attention mechanism
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Fig. 4 Differences between the two network layers
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Tab. 3 Experimental parameter settings
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Fig. 6 Training loss visualization
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Fig. 7 Visualization of training accuracy
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Tab. 4 Comparison of average recognition accuracy
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Tab. 5 Comparison of recognition accuracy of different data types
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Tab. 6 Performance evaluation of the improved model
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Fig. 8 Confusion matrix of rice leaf diseases
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Tab. 7 Results of ablation experiment
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Fig. 9 Visualization of the detection effect of
the improved algorithm
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