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Classification Method of Crossing Vehicle Based on Improved
Residual Network

Li Yuxin, Yang Fan", Liu Zhao, Si Yazhong

School of Electronic and Information Engineering, Hebei University of Technology, Tianjin 300401, China

Abstract To improve the feature extraction capability and recognition capability of models for vehicle images in
crossing environments, a vehicle classification method based on an improved residual network is proposed. First,
the residual network is used as the basic model, the position of the activation function on the residual block is
improved, and the normal convolution in the residual block is replaced with a group convolution. An attention
mechanism is then added in the residual block. Finally, the focal loss function replaces the cross-entropy loss
function. In the experiment, the Stanford Cars public dataset is used for pretraining and a self-built crossing vehicle
dataset is used for migration learning. The results show that the classification accuracy of the proposed model is
better than several classical deep learning models in both datasets.
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Fig. 6 Heat maps processed by different models. (a) Original map; (b) original model ResNet; (c¢) model with attention

mechanism
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Table 1 Accuracy of different models on Stanford Cars dataset

Model Accuracy /%
Three-scale Attention""” 81.50
B-CNNU® 86. 50
Kernel-Pooling™" 85.70
FA-ResNet 86. 97
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Fig. 7 Partial images in Stanford Cars dataset
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Table 2 Results of ablation experiment

Experiment  Group Attention
. Focal loss Accuracy /%
No. convolution  model
1 80. 44
2 N 81.12
3 NG 88. 43
4 N 90. 15
5 N/ N 88.91
6 NG NG 92.13
7 N/ N 94.19
8 NG N N, 94. 96
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