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Abstract: In light of the issues associated with slow response speed, numerous parameters, and high computational
memory requirements in existing plant disease recognition models, we proposed a lightweight neural network model. The model
consisted of feature extraction layer, feature enhancement layer, and classifier. To reduce model size and increase network re-
sponse speed, we utilized deep separable convolution in the feature extraction layer. To prevent gradient disappearance during
network propagation and enhance the fusion of disease pixel features, we introduced the inverted residual block convolution
kernel structure (IRBCKS) module into the feature extraction layer. Furthermore, we integrated a lightweight convolutional

block attention module ( CBAM) attention mechanism into

WS B HA . 2023-11-29 the feature enhancement layer to capture the relationships
HELTE . HE A ARSI H (61773360) ;2019 4T P AT between pixels in plant disease-related images and enhance
B+ B R RE L 455 H (ZNNYKFA201901) key information extraction. Finally, we employed a pruning

EEBAN 7 Mi(1996-) , 5  BEvuiE A, w858 A BF 98 J7 1) technique to eliminate redundant feature information from
BRI A5 BALHESE  FRAL BE4F, (E-mail) the base model, thereby reducing the number of model pa-
935659856@ (q.com rameters once again, yielding this lightweight network mod-

BIRAEE  AMAT, (E-mail) bysun@ iim.ac.cn el, Cut-MobileNet. In order to verify the progressiveness of
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this model, it was compared with lightweight models (MobileNet V2, SqueezeNet, GoogleNet) and non-lightweigh models
('Vision Transformer, AlexNet). The results show that better results have been achieved by Cut-MobileNet in floating-point
operation, accuracy, single image inference time, parameter count, F1 value, and model size.

Key words: model pruning; convolutional block attention module (CBAM) attention mechanism; inverted residual

block convolution kernel structure (IRBCKS) module; plant diseases; lightweight networks
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Fig.1 Image preprocessing methods
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Fig.2 Cut-MobileNet network structure diagram
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Table 1 MobileNet-Cbase network model architecture and layer operations
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Fig.3 Diagram of an inverted residual network with a 11x11 convolutional kernel
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Fig.6 Model pruning schematic diagram
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