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Abstract

The recognition of illegal pet walking is a kind of fine-grained image classification. For complex
living environments, using traditional image classification methods or simple convolutional neur-
al networks to recognize illegal pet walking will lead to low accuracy. This paper realizes the rec-
ognition of pet walking behavior based on the case segmentation method in depth learning, and
judges whether it is illegal pet walking phenomenon by detecting the information of the target in
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the image and the relationship between the target and the target. This method is an improvement
on the case segmentation model YOLO (you only look once) published by Glenn Jocher in 2020. It
is mainly aimed at changing the backbone feature extraction network to the SENet feature net-
work that is friendlier to fine grained images. The feature network of the deepest stage is changed
into SPPCSPC module to optimize the feature extraction accuracy and train the whole network ac-
cording to the combination of a variety of dogs and a large number of different real environments.
The identification in the actual park activity scene shows that the accuracy of the improved net-
work has little change, and meets the needs of accurate identification of this pet walking pheno-
menon in real life.
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Figure 1. Anchor box
1. Anchor box
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Figure 2. Down sampling transaction module
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Figure 4. SPPCSPC module
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Table 1. SENet

%% 1. SENet
Type Filters Size Output
Convolutional 64 3*3
Convolutional 64 3*3
Convolutional 128 3*3
MaxPooling 128 3*3
Convolutional 128 1*1
Convolutional 256 3*3
3X Convolutional 256 1*1
se_module 256
Convolutional 256 1*1
Convolutional 512 3*3
o Convolutional 512 1*1
se_module 512
Convolutional 512 1*1
Convolutional 1024 3*3
36x
Convolutional 1024 1*1
se_module 1024
Convolutional 1024 1*1
Convolutional 2048 3*3
3X Convolutional 2048 1*1
se_module 2048
Avgpool 7*7
Droupout
Linear 1000
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Figure 6. Complete network diagram
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Table 2. Comparison between mainstream recognition algorithm and algorithm
experiment in this paper
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Figure 8. Model identification results
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