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Dynamic Face Recognition Based on Improved Pulse Coupled Neural Network
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Abstract Dynamic face recognition has wide application prospects in the field of real-time monitoring and tracking. It is one of
the hot spots in the research of face recognition technology. In view of the problem that traditional face recognition technology can
not be recognized well in the application of dynamic face recognition,a new method based on background difference method is
proposed. The time and space of the pulse coupled neural network is used to generate different ignition sequences for different
faces to distinguish different face. Using pulse coupled neural network space-time summation, the pulse coupled neural network
neurons are matched with face image pixels, which produces different ignition sequence of different face image pixels. Through
analyzing the image pixel ignition sequence,it can distinguish between different faces. Through the experiment on 500 randomly
selected group of dynamic face images show that the improved pulse neural network for dynamic face recognition of the actual
scene can be used to distinguish between different characters, with robust stability.
Keywords Pulse coupled neural network,Dynamic identification, Face recognition
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Fig. 1 Diagram of PCNN neuron model
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Fig. 2 Two ignition sequence diagrams of human face sample set
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Table 1 Target person recognition results of test set
BEir A  WREHRE E#HRIKE IE# AR5 &
1 10 9 0.9
2 10 10 1.0
3 10 8 0.8
4 10 10 1.0
5 10 9 0.9
6 10 9 0.9
7 10 9 0.9
8 10 10 1.0
9 10 9 0.9
10 10 10 1.0
11 10 9 0.9
12 10 10 1.0
13 10 9 0.9
14 10 7 0.7
15 10 8 0.8
16 10 8 0.8
17 10 9 0.9
18 10 10 1.0
19 10 8 0.8
20 10 8 0.8
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Fig. 4 Comparison of ignition sequence diagram between human

12 face sample set and test set
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