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Multi Face Real-Time Tracking System Based on DTN in
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Abstract In order to realize multi face image tracking across camera regions, a cross camera tracking network
based on double three branch twin network (DTN) is proposed. The specific method is to apply Chinese Whisper
(CW) face clustering algorithm to cluster the face images of the same pedestrian, and determine the captured target
face through intelligent monitoring according to the results of face clustering. By improving the network structure
and training function of FaceNet, pedestrian face tracking is realized accurately. After training DTN on LFW data
set, the face recognition rate can be improved to 99.51% through margin sample mining loss (MSML) and focus
loss difficult sample balance training. Experimental results show that by comparing the similarity of face features
in the same video surveillance field, the proposed network can track pedestrian face targets through this area;
through the real-time transmission of face features between cameras, cross camera face tracking is realized.

Key words image processing; face clustering; double three branch twin network; face tracking; cross camera; face
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Table 1 Performance comparison between CW algorithm and several clustering algorithms
Parameter K-means DBSCAN HAC MCL Ccw
Algorithm complexity O(n) o(n*) O(n*) o) O(n)-0(n*)
Unknown number of clusters X X N/ N/ N/
Real-time monitoring X X X X N,
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Table 2 Comparison of recognition rates of multiple detection

networks on LFW data set

Model Feature size  Accuracy /%
1-DTNCNN16 1024 99. 47
2-DTNCNN16 4096 99.51

3-MSMLCNN16 1024 99. 09
4-MSMILCNN16 4096 99.21
5-TrHardCNN16 1024 99.02
6-TrHard CNN16 4096 99.11
7-QuadrupletCNN16 1024 98.45
8-QuadrupletCNN16 4096 98. 85
9-TripletCNN16 1024 98. 25
10-TripletCNN16 4096 98.78
11-SiamCNN16 1024 95.99
12-SiamCNN16 4096 96. 21
13-ResNet50 4096 95. 87
14-VGG-19 4096 94. 14
15-VGG-16 4096 92.46
16-AlexNet 4096 89. 04
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Table 3 Performance comparison on GOT-10k validation set
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Fig. 17 Multi camera face clustering based on Siam16
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