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Face recognition of triple loss fine-tuning in angular space
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(School of Information Engineering , Jiangxi University of Science and Technology ,
Ganzhou 341000, China)

Abstract: Aiming at the problem that angular Softmax loss exists in strong constraint, an algorithm
to fine-turn the angular Softmax loss pre-training model by using triple loss in angle space was pro-
posed in this paper. Firstly, the original structure of convolution neural network was improved and
the convolution kernels of 1 X1 and pooling layers were added between different residual blocks to se-
lect more effective features. Secondly, the pre-training model was fine-tuned by triple loss in angular
space to reduce the strong constraint condition of difficult samples. Finally, in the test, the features of
original and the horizontal flipped face images were extracted respectively, and the two features were
added as the final facial feature expression, so as to enrich the face feature information and improve
the recognition rate. The experimental results show that the recognition rates of the LFW and YTF
face data sets are 99.25% and 94.52% , respectively. The method proposed in this paper can effectively
improve the face recognition rate in large-scale face identification by using only a single model and a

relatively small training set.
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Tab.1 Face residual network structure
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Tab.2 Improved face residual network model
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Fig. 1 Process of triple loss optimization in

European space
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Fig. 2 Process of triple loss optimization in

angular space
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Fig.3 Process of face feature extraction
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Tab.3 Face recognition rate of standard protocal
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Tab.4 Face recognition rate of BLUFR protocol
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CenterFace 93.35 67.86
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A SCH Ik 97.28 80.03
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DeepFacel" 3 4+ M 97.35
FaceNet'*] 1 200 M 99.65
DeepFRU 1 2.6 M 98.95
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Tab.5 Face recognition rate on YTF dataset
J5 i R Bl Y EAY
DeepFace 3 4 M 91.4
FaceNet 1 200 M 95.1
DeepFR 1 2.6 M 97.3
DeeplD2+ 25 300 K 93.2
CenterFace 1 WebFace 94.4
DeeplD2 1 WebFace 93.5
A-Softmax 1 WebFace 94.26
AR 1 WebFace 94.52
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Tab.6 Performance comparison of different network structures Y%
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