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Simulation of Rice Disease Recognition Based on Improved Attention Mechanism
Embedded in PR-Net Model

Abstract

Abstract: Aiming at the low accuracy of existing CNN models in identifying rice leaf diseases, a hybrid
convolutional neural network model PRC-Net (parallel residual with coordinate attention network)
combining parallel structure and residual structure is proposed. A parallel structure is introduced to
improve the receptive field of convolution, and the residual structure is combined to achieve the complete
and continuous transmission of feature information. An improved spatial attention mechanism is
embedded into the backbone model PR-Net to enhance the degree of aggregation of lesion feature
information at different scales. In order to further improve the accuracy of disease identification and
reduce the training and reasoning time of the model, the model structure is optimized by changing the
weighting method. Simulation results show that, compared to the classification models such as
InceptionResNetV2, PRC-Net has fewer training parameters, shorter training time, and higher recognition
accuracy, which is superior to the other crop disease identification models.
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Abstract: Aiming at the low accuracy of existing CNN models in identifying rice leaf diseases, a hybrid
convolutional neural network model PRC-Net (parallel residual with coordinate attention network)
combining parallel structure and residual structure is proposed. A parallel structure is introduced to
improve the receptive field of convolution, and the residual structure is combined to achieve the complete
and continuous transmission of feature information. An improved spatial attention mechanism is
embedded into the backbone model PR-Net to enhance the degree of aggregation of lesion feature
information at different scales. In order to further improve the accuracy of disease identification and
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weighting method. Simulation results show that, compared to the classification models such as

InceptionResNetV2, PRC-Net has fewer training parameters, shorter training time, and higher recognition

accuracy, which is superior to the other crop disease identification models.
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Table 3 Comparison of different model training

it YIRAED /% VERGERES DR HERA R /% WA R %
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Table 6 Performance comparison of different models
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Table 7 Comparison of different crop identification

accuracy rates %
Y il ES/S +5
VGGI16 94.24 94.10 96.76
ResNet50 92.56 94.62 95.37
InceptionV3 94.54 94.62 97.69
Inception-ResNetV2 96.16 95.90 96.06
PRC-Net 99.12 95.77 99.07
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Table 8 Comparison of multi-class tasks

it EVE/E S HERIZE /%
Optimized DenseNet-121 2(14/38) 98.70
VGG-ICNN 2 99.16
PRC-Net 2 99.07
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