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Massive face image retrieval based on depth feature clustering
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(1. Chengdu Institute of Computer Applications, Chinese Academy of Sciences, Chengdu, 610041, China;
2. University of Chinese Academy of Science, Beijing 100049, China)

Abstract; A massive face image retrieval method based on depth feature clustering is proposed to overcome the long
time retrieving in a huge scale face image database. Firstly, the convolutional neural network model is trained for
face classification by face image training set. Based on it, the triplet loss method is used to fine-tune the model so
that the network can be more efficient to extract high—level semantic features and construct a more representative
depth features of face image. Secondly, the K-means clustering algorithm is used to cluster the extracted depth
features, so that face images of the same person can be divided into the same cluster, and then similarity matching
of face images is performed in the corresponding clusters to perform the retrieval task. In order to further improve
the performance of system retrieval, the face image feature fusion query expansion method is proposed to fuse the
depth features of the face image to be retrieved. Through exhaustive experimental verification on two face retrieval
datasets ( Celebrities Face Set and Labeled Faces in the Wild dataset) , the results show that the proposed method
can significantly reduce the retrieval range of massive face image database, thus effectively increasing the face
image retrieval speed while ensuring similar retrieval accuracy.
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Fig.1  Algorithm model structure
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Fig.2 Face image retrieval process
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Tab.1 Face retrieve results in different situations

KR HLHT 100

o 2 45 5L I 200

$of e BRBH  FRPR R ‘ U %
- TR % TR % ’

| No 0.331 98.16 94.12 92.11

Yes 0.3299 99.34 97.13 95.7

) No 0.138 98.16 94.12 92.12

Yes 0.138 99.34 97.14 95.75

; No 0.135 98.16 94.12 92.12

Yes 0.136 99.34 97.14 95.75

4 No 0.132 98.16 94.2 92.03

" Yes 0.131 99.34 97.17 95.66

W R B + LFW

5 No 0.131 98.16 94.2 92.03

Yes 0.143 99.34 97.17 95.66

p No 0.13 98.16 94.2 92.03

Yes 0.13 99.34 97.17 95.66

; No 0.13 98.16 94.2 92.03

Yes 0.13 99.34 97.17 95.66

g No 0.13 98.16 94.2 92.03

Yes 0.135 99.34 97.18 95.66

K7 Fa R ARG RHEFERT 10 5K A A s 1) Ko T 22 1

SRR A, o B4 T B3 — BN R 1 15 B
PIHE R (R Fn kR B N R, 26— R /Y
A R TAE DAy ¢ (2 G PR A5 3 7m ARL X Rz ) 5 TE A
REVEER LRI E S 21 6 B NG P45 s DR R
e R NI S = BUNIE SR s =3 ISP i
PRI R A R S A R A G IR S o AR, LA

3.5 LRERFRBIELR

K 3O B R A N PG 28 05 vk -5 SCRR R G
RTIEEAT R, WLk 2.

2 R TIRETE A NS R B S R
(Fp o B RS SHATRSI e e YN AL EIT
S 47 ) Y B A8 X



- 108 - moR EOL Ak ok o E R

5550 %

- 1 | -~y =
AFE222PCEE2E
III.IIIIIII

QEEE@

Iﬂjr
Eﬂﬁlﬂ@@ad
RAOANEA

%IIIE

ke

7 BHAREGRRER
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Tab.2 Results and timeliness comparison

ik R 3T R % /RS

L-K one node’?! 77.5% 0.33
L-K two node? 86.0% 0.67
L-K three node!?! 91.0% 1.05
L-K four node!?] 93.5% 1.32
LK five node? 95.1% 1.65
DCNNFR 92.12% 0.138
DCNNFR+QE 95.75% 0.138

MF 2 R, XSRS BT R (RTR
Fr3R I L-K HI(E 2R B2 T 1 7E 25 P 8dis A
Lo e IR CENUPNITT st S SN RS
B S g, 7 T I [ BIR A A5 0 T e e R R
BRIRE] 95.1% , [H & 1% 7 ¥4 bl A K R Al 2% 1 48
Fh | s [R] R FE i & 100 2 LS ) 5 A A QAN 4 RS
FOVER . R, 3% 07 ¥ AE B S T 3 S e
PRAs— T MR AR ARG R 5 SR N AN B IA B s S I Y
KR RE . AR SCH 9 5 1 30 o I R0 1 TR B A
B2 W 4% T A K & (Deep Convolutional
Neural Network Face Retrieval, DCNNFR ) #& £ 3F- 1
e CRIAL) g o NG PG ) TR B AR AR U5 22 0..02s
AR TR] R4 , A Hh B %5 IR AE DRAIE— e R R
i 26 19 [ B R A% 328 2] 30T S R A9 B 30, 78 A PRI
LR B A B LT KR A 5k R B 0.
138s, K 2R R MR B PR TE 5 A 2 5T RRE Y
S IURIG 25 8.

4 # %

ARSCHE M T — b TR BE R AR SRS T A
PIGAG AR T ik, Tl il TN BRI ZR A X TR A5
B 22 P 28 B B R AT N 73 SN 2, T I RE Al bR
FH =02 2R T 2% © IR 19 A 3 288 I 2 5 71
HEAT M , A 9 265 RE A% SN AT 0 4 PO G P& 45

TRBERFAE R T B RAE 10 7 208 URHIE. RAT K
—means RN EEAO TR BERRE IR T T 2 i 1S

X RO PR P15 4 30 7 D AN TR B, S8 i A A I 14
75 PP AT NG P 45 R i A ALLBE DS i SAAT A R AT 55
EFﬁﬁﬁﬁ?ﬁ JETT X R M PR IR B Rk
PEATRL G E— R A R PR RE. SR A5 SRR, 1%
ﬁ%ﬁ%@%*ﬁﬁ/m&%ﬁH%ﬁi&;&ﬂkﬂf‘lglf%% 34
o3 R MG /N NG R A BRG], 76 PRIk — %
TR A 1 [F] b A R e i T A P (5 AG aR  E

5% ik

[1] LIU C. Gabor-based kernel PCA with fractional power polynomial
models for face recognition[ J]. IEEE Transactions on Pattern Anal-
ysis & Machine Intelligence, 2004, 26(5) :572. DOI. 10.1109/
TPAMI.2004.1273927

[2] ZHENG X, CAL D, HE X, et al. Locality preserving clustering for
image database[ C]// ACM International Conference on Multimedi-
a. New York: ACM, 2004.885. DOI; 10.1145/ 1027527.1027731

[3] X, JHFRG, skFIR, 4. W A8 A R R [ 1],
TR (), 2010, 40(1) :183. DOI: 10.13229/j. cnki.
jdxbgxbh2010.01.036
LIU Xiaohua, ZHOU Chunguang, ZHANG Libiao, et al. Method of

quick searching in a huge scale face database[ J]. Journal of Jilin



EERNE |

BIRAR, 5 BT HERHIERE A AR B R - 109 -

University ( Engineering and Technology Edition) , 2010, 40(1) .
183. DOI; 10.13229/].cnki.jdxbgxb 2010.01.036
[4] Bz, Wi FETREM AR B R LA B[ T]. A
Bk, 2008, 34(9) :1033. DOL: 10.3724 /SP.J.1004.2008.
01033
YANG Zhiguang, Al Haizhou. Cluster-based Face Image Retrieval
and Its Relevance Feedback[ J]. Acta Automatica Sinica, 2008, 34
(9) :1033. DOI; 10.3724/SP.J.1004.2008. 01033
KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Imagenet classifi-

cation with deep convolutional neural networks[ C] //Advances in

(s

[

neural information processing systems. Long Beach: Curran Associ-

ates Inc.2012; 1097. DOI; 10.1145 /3065386

SIMONYAN K, ZISSERMAN A. Very deep convolutional networks

for large-scale image recognition[ J]. ArXiv Preprint ArXiv; 1409.

1556, 2014

ZHANG K, ZHANG Z, LI Z, et al. Joint face detection and align-

ment using multitask cascaded convolutional networks [ J]. IEEE

Signal Processing Letters, 2016, 23 (10): 1499. DOI. 10.1109/

LSP.2016.2603342

LI H, LIN Z, SHEN X, et al. A convolutional neural network cas-

cade for face detection| C]// Computer Vision and Pattern Recog-

nition. Boston: IEEE, 2015.5325. DOI. 10.1109/CVPR. 2015.

7299170

PARKHI O M, VEDALDI A, ZISSERMAN A. Deep Face Recogni-

tion[ C]// British Machine Vision Conference. Newcastle: BMVC,

2015 41.1. DOI; 10.5244/C.29.41

[ 10]SCHROFF F, KALENICHENKO D, PHILBIN J. FaceNet: A uni-
fied embedding for face recognition and clustering[ C]//2015 IEEE
Conference on Computer Vision and Pattern Recognition ( CVPR).
Boston: IEEE, 2015 815. DOI. 10.1109/CVPR.2015.7298682

[11]JRAZAYIAN A S, AZIZPOUR H, SULLIVAN J, et al. CNN Fea-
tures Off-the-Shelf: An Astounding Baseline for Recognition[ C]//

[6

[

—
=
[

—
oo
i

[9

[

IEEE Conference on Computer Vision and Pattern Recognition
Workshops. Columbus: IEEE Computer Society, 2014.512. DOI.
10.1109/CVPRW.2014.131

[12]YANDEX A B, LEMPITSKY V. Aggregating Local Deep Features
for Image Retrieval[ C]// IEEE International Confer-ence on Com-
puter Vision. Santiago: IEEE, 2016;1269. DOI. 10.1109 /ICCV.
2015.150

[13]TOLIAS G, SICRE R, JEGOU H. Particular object retrieval with
integral max—pooling of CNN activations[ C ]// Proc International
Conference on Learning Representations (ICLR), Lille, France,
2016:1. DOI; arXiv ID: 1511.05879

[14]KALANTIDIS Y, MELLINA C, OSINDERO S. Cross—Dimensional
Weighting for Aggregated Deep Convolutional Features[ C]// Euro-
pean Conference on Computer Vision. Switzerland: Springer,
Cham, 2016.685. DOI: https://doi.org/10.1007/ 978-3-319~
46604-0_48

[15]DALAL N, TRIGGS B. Histograms of oriented gradients for human
detection[ C]// IEEE Computer Society Conference on Computer
Vision & Pattern Recognition. San Diego: IEEE Computer Society,
2005:886. DOIL: 10.1109/CVPR.2005.177

[16] OJALA T, Pietikiinen M, MAENPAENPAA T. Multiresolution
Gray-Scale and Rotation Invariant Texture Classification with Local
Binary Patterns[ J]. IEEE Transactions on Pattern Analysis & Ma-
chine Intelligence, 2000, 24 (7):971. DOI. 10.1109/ TPAMI.
2002.1017623

(1790 5%, XA, BT, SRR [T]. BP9, 2008, 19
(1) :48. DOI. 10.3724/SP.]J.1001.2008.00048
SUN Jigui, LIU Jie, ZHAO Lianyu. Clustering algorithms research
[J]. Journal of Software, 2008, 19(1) :48. DOI. 10. 3724/SP.].
1001.2008.00048

[18] ROBERT L. THORNDIKE ( December 1953). " Who Belongs in
the Family?". Psychometrika. 18 (4):. 267. DOI. 10. 1007/
BF02289263

[19]HUANG G B, MATTAR M, BERG T, et al. Labeled Faces in the
Wild: A Database for Studying Face Recognition in Unconstrained
Environments[ J]. Technical Report 07-49, University of Massa-
chusetts, Amherst, 2007. DOI; 10.1.1.122.8268

(HE wHE)



