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Deep face Hashing based on ternary-group loss function

ZHENG Dagang, LIU Guangjie, MAO Yaobin', XU Andong, XIANG Wenbo
(School of Automation, Nanjing University of Science and Technology, Nanjing Jiangsu 210094, China)

Abstract: Fast retrieval on large scale human face data sets is a key problem in face recognition
applications. The face Hashing method with short length can reduce the computational amount of face
feature alignment, and is helpful to the application of large-scale face recognition. In this paper, a deep
face Hashing method based on the loss function of ternary-group is presented. By optimizing the loss
function of ternary-group, the deep convolution neural network is trained to extract the deep feature of
images. The distance between the similar images can be as small as possible, and that between different
kinds of images is as large as possible. The high dimension feature is mapped to the low dimension space
by adding the random mapping layer following the deep network. And the low dimension space is further
mapped to Hamming space by the threshold algorithm. Experimental results on multiple standard datasets
show that the proposed method outperforms other state—of—the—art methods.
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AR CAE FaceScrub B4 L WEAT T 5256 LIS 56 A MG on the FaceScrub dataset
[z]{%*ﬁ%?ﬂg‘riﬁg , ﬁjﬂjuﬁiﬁﬁ 12 ,fj .24 ,fj .32 ,fﬁ;ﬁ] 48 method 12 bit 24 bit 32 bit 48 bit
o A 2 B £ S 4 AL 5] LSH 00163 00361 00465 0.068 1
iz ”ﬁ;ﬁ?ﬁ%lﬁ47;’:3ﬁ\o Xﬂf&é@ 775“/2%%, ‘ﬂn LSH,SH - Lo et ocese ieos
ITQ 25, AN B 236 4 1Y Ja i — {H 452 U (Local Binary ITQ 00208 00463 00591 0.0862
Pattern, LBP)4FAE [n] & i 1A ; XF TR & Jy W1 CNNH,DH KSH 00227 00475 00557 0.0812
1 DSH, H 8 b i AR UG AE S 405 P9 25 - AE S A i BRE 0.0710 00948 01099 0.1211
G SRR E 1. NE P BN, 5 MLH 00704 00912 01104 01334
o . N DH 00809 00982 01241 0.1564
J7%% DH Ml DSH SR8 H EiF PR RE, MER TIRE ¥~ proposed method 00903 01140 01473  0.1872
BB, RSO IREARR GRS KE T 8aE
GBI B BT o T B R I (R 22 A TR CIFAR-10 SCHSE 10 mAP He
I L, & E RIAR © Table2 mAP for different Hashing code numbers
R TR B AR SO AR AURL E BRI PR RE, T on the CIFAR-10 dataset
CIFAR-10 @Zﬁ%iﬁ?‘??igﬁ, ﬁm 512 éﬁﬂ@ GIST [ﬁ] method 12 bit 24 bit 32 bit 48 bit
et o, N LSH 0.121 0.126 0.120  0.120
BERAE CIFAR-10 AR, SR e L3 2. A3 21 SH 0.131 0.135 0.133  0.130
A LLE H, BARTERG IR BE A & DSH Jr ik, {H 2R ITQ 0.264 0282 0288 0295
iR BRI, AR SOy VR R R R TR, AR KSH 0.303 0337 0346 0356
48 bit BB T DSH (07735 . 330 5 B — 34 1 04 75 1 437 %% BRE 0.159 0.181 0.193  0.196
V| S kA . MLH 0.182 0.195 0207 0211
SEI R LA 25 A8 R AR DH 0.483 0496 0506 0518
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