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Review of Face Recognition Methods Based on Deep Learning
YANG Juchengl, LIU Na" 2, FANG Shanshanl, XIE Ying1

(1. College of Computer Science and Information Engineering, Tianjin University of Science & Technology, Tianjin
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Abstract: Face recognition based on deep learning, which has already become a hot research topic in the field of biometric
recognition at present, was reviewed. Firstly, face recognition and the basic structure of deep learning were intro-
duced. Then, the current international and domestic research status quo and application of the technology were summarized,
such as face recognition method based on convolutional neural network (CNN) , deep nonlinear face shape extraction
method, robust modeling of face pose based on deep learning, fully automatic face recognition in the constrained environ-
ment, face recognition based on deep learning under video surveillance, low resolution face recognition based on deep learn-

ing, and other face information recognition based on deep learning. Finally, a general analysis was made on the existing

problems and future development trend of face recognition in the application of deep learning.
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A T2 ICML2014 SEAH. [ AR B EL | A
LML F 1IN S 12 /NS R 71| B e € S W T Rl [
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Fig. 2 Two-layers CNN architecture of image classification
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appearance models, AAM) ">; KL JRHBA 7k, U]
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tern, LBP) S FA 1R id A 3 T2/ ik, dh
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2 M5 43k (linear discriminant analysis, LDA)
S s ) 2 2] B LU R Ry AR R B 382 (locality
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2012 4R, BJE KBTI/ ML RS TR 2
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AITEOINNER , 5 I i i SR S A LI —
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PRSI A 60% |, T fodT IR B 27 > Sk i iU 1) %
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Tab.1 Recognition rate of deep learning in the LFW face

database
Fik BCAER G A IR UM%

SCHRPY 3 el 87
Sk 5 8.762 8 J7 92.52
DeepFace!®! 73 700 J3 97.35
DeepFacel* 73 512 98.40
DeepID?” 5 20.2599 77 97.45
DeepID2™! 18 202599 71 99.15
DeepID2 + 27! 18 45 T3 99.47
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Tab.2 Recognition rate of each method in the LFW face

database
PiReS Rank-1/%

COST-S1™# 3.0
COST-S1 + S22 56.7
DeepFace!"®! 66.5
DeepFace!®! 64.9
DeepID2! 91.1
DeepID2 + 27! 95.0

7. Rank-1 N25— kR EN AN IR,

] PR AR S A5 141 B I A I R 52 R IR K
2~ Yoshua Bengio Y4 | Je U HE /R TE AR 22 1Y)
Neil Lawrence 5241, Ak, i EIAA Microsoft
WA FERE , FEAE VR BE 2 > (Y B Ak T8 se i &
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LeCun J 37 T A T8 68 5 % % 5 Google 7 A A7
Geoffrey Hinton [ A.
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FlF 2015 4-FF K1) DeepDream Hji H. Tensorflow f&
Google N4, T 2016 HJFE, HAME T 25 S
B, WAIER 22 O mE K. B, B f
Torch7 . Theano . Deeplearn Tool-Box . Deeplearning
4j . Brainstorm . Chainer . Marvin . ConvNetls .
MXNet ., Neon SEFHJRUREE S JHESR, ) K58 A
IR BE 2 ) R At T ZARAR.

22 ERFRIARK
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FEEE. AU o SO 507 06 WS AN - I8 I 25 7 f 52 141
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HFE B ML (CNN) B9 AR R 5 53, SRR
A NETEARIRIO 5, BT IR T AN E S S
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3.1 ETERWEML (CNN) ARSI %

G P 2% (CNN) & —Fh R B 22 2T T
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GRFFIERST2S AU S22 25 R I 25 fif 2 BE 2Dl 2
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Fig.3 Face recognition methods based on deep learning
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