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Abstract; This paper proposes an improved multi —label classification structure for real —time license plate recognition model
designed using deep learning technology. The model utilizes the Squeeze and Excitation attention mechanism to focus on license plate
characters in the channel direction and combines features from the network “s deep and shallow layers. This approach realizes
character localization and semantic feature extraction, improving character positioning accuracy. Additionally, the model adopts
Depthwise Separable Convolution in place of traditional convolution to reduce computational complexity and improve license plate
recognition speed. Finally, the proposed model is tested on three subsets of the CCPD dataset that demonstrate complex scenarios,
such as varying illumination, plate inclination, and blurriness. The test results show an average accuracy of 94.0% and a recognition
speed of 395.6 FPS, indicating the proposed model’s effectiveness in quickly identifying license plates in complex environments.
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Fig. 1 Overall structure diagram of IMCRLPR license plate recognition model
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Fig. 2 Structure diagram of feature extraction network
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Table 1 The influence of each element in the LCPN256 module on the accuracy and speed of license plate recognition

Accuracy Calculating Costs/ Inference Speed/
DSC SE . . .
DB Rotate Challenge Overall Accuracy GFLOPS FPS
X X 87.6 85.6 74.8 83.9 163.4 239.9
Vv X 86.9 86.2 74.5 83.6 101.5 403.0
X Y 91.1 90.0 80.8 88.3 163.5 243.8
vV vV 91.2 89.4 80.7 88.1 108.5 395.6
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Table 2 The influence of the presence or absence of LCPN

module on the accuracy of license plate recognition

LCPN LCPN Accuracy
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YA 96.0 98.7 85.4 94.0
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