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Fig. 1 Face recognition system
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Fig. 2 The flow chart of image preprocessing
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Fig. 3 Example of training pictures

R e R AR TR AR RO AT
T — MBI . R B IE S RS R
SRBAR AR, {6 F AR [R) A9 T B 04T 7 A A I X
FF ARBYALEE B E AL 1 000 XF AR, A
WK L F 2R — 4 A, 3 W sk e F Rl BE A ] —
A AAFTRE A FE RPN o Hod 340 55 1 1] 500
S, 45 500 Ko, A B X235 SR vy A 3t A A 4 B



94 Bt R 5 T O# 17 %

ARG R AE 1o o3 i A s R g B R 7 s U o it

K4 KE R 7R

Fig. 4 Example of test pictures
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Fig. 5 Loss function connection graph
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[ Abstract] For traditional face recognition methods,the process of manual design features is complex and face
recognition rate is low. The feature discrimination ability of general deep learning classification model is weak, for
the open set face recognition. Aiming at these two problems, a kind of deep convolution neural network is pro-
posed, which combines the classification loss with the central loss as the model training monitoring signal. Firstly,
a deep face recognition model based on the initialization parameters obtained from the public dataset is fine tuned u-
sing application scene dataset,which can effectively solve the problem of training data is too small and data distribu-
tion differences and improve the training speed of the model. Then, the traditional loss function and the new central
loss are used as the monitoring signals in the process of transfer learning, which can make the intra-class aggrega-
tion and inter-class dispension and improve the discriminative ability of the model output features. Finally, the
principal component analysis is used to remove the redundant face features, reduce the complexity and improve face
recognition rate. The experimental results show that our algorithm can automatically extract features compared with
the traditional face recognition algorithm and relative to the general deep learning classification model, the algorithm
makes the feature representation more discriminative with metic learning. A higher recognition rate has been a-
chieved in the self built test set and the LFW and YouTube Faces Standard test sets.

[ Key words] face recognition convolutional neural network deep learning center loss metric
learning principal component analysis



