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Improved loss function strategy for multi source
face image retrieval

REN Guo-yin'?, LYU Xiao-qi""**" , LI Yu-hao?

(1. School of Mechanical Engineering s Inner Mongolia University of Science & Technology s
Baotou 014010, China;
2. School of Information Engineering , Inner Mongolia University of Science & Technology
Baotou 014010, China ;
3. Inner Mongolia University of Technology . Hohhot 010051, China)

Abstract: At present, a large number of offline videos are stored in the servers of the surveillance net-
work in criminal investigation departments of public security organs, and the face retrieval system is

designed. The new Quadruplet Network converges faster than the familiar networks such as Alexnet,
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Googlenet, VGGNet and ResNet. Because of the shared weight design of the network, the retrieval

has a high precision, Average Retrieval Precision(ARP) and model training accuracy, and the system

has good robustness. The image depth features can be shared quickly online between the cameras. The

proposed method is effective, with ARP of 98.74% and a model training accuracy of 99.51% ., and a

frame rate of 28 FPS.

Key words: quadruplet network; face retrieval; cross camera; content-based image retrieval
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MHEFEARXS , — D IRMEIEFEA, ) — A JEME AR
AR GBA —DHEIE R AEARRT . RES WAL (D
I

FEAS 7 A% AT LUAE [A) — 5~ 25 8] o 32 BCIE AR A X
anchor fl positive, i F£ 4 Xt negativel #l nega-
tive2, Focal loss T DLV £ 1F FF A FlGREAS , fiff
T IEFE A R AS 1 AN P 1)
4.2.2 MR MSML 91 4% DTN

Fo5 ) B IS Focal loss ] UL g LT (5]

R, s i) SR 27 1 RE T A A8 ke AR AL T 7
ARREB|—AFaEmrh, X T —AF 25 [ gy
A Batch, W 48 % (9 Batch 38 X0 41 2 AN 23 0
Do X TR INUF BIREAS 28 UM 2 8 R /)N
1M Focal loss fff 15 43 4 MOMERE A A 1 K 15 K. [+]
I 12 A RS B AN T O AR A E R D i 4 % L I
AR T AERS . M43 2545 R DTN Jn#k il
SRUF AU S 38 3 A A T A 3R A S WA ) A0 A5
itk A DTN, XA AN #4793 25
4.2.3 BAEARBEASE

T A AT W 4 DX IR A 2R 1 PRTR B 4y [
BB IR ZFEAE T R FRAE VS E 4 4 1R A2 45 7
AEA )2 10 N0 R A e =52 24 At R0 00 0 4 DX B
SE A N2

5 ERAER oM

51 K#EBMEARBBENENILRD T

LEW %4 4 3= 22 003 A S 30000 i o f 1k
H0HE 5 BE ML 6 000 St A KG 4H BB 1500 %o
Horr 3 000 X )& F 7] —~ A .3 000 X g T A [ 1y
N LEW 45 i — X O g )il b 9 2 5k IR
EAJER — A N LSR5 DTN #f 48 B 25 45 1 2 5k
WL B 6 000 X AR R R G B Z
5 S R AT A, AT LAAR BN TR B Y o
xR,

DTN 7& A 3550 75 10 A7 AR R py pe #. 7
LFEW A6 84 2 vy I 310 /9 ok 1l R R
99. 510, HARTENRT B BE I % A B 8 T R i K Y
Facenet M %%, {H DTN A R4 £ B, DTN
BR T 48 25 0 19 BT A e B A S 4R BRI B
HEHE,

SR 20 Tl 2% pREL X Siamese, Triplet
N Quadruplet DTN R & HE4T I 25, b 58 T R b
) 245 AR (%) 451 2K pR BV BB R B . AR SCHY T s 1~
12 MSCHRL25 TV 250K P2 B0 d vh 2 2%, e i Sk il B
A B DTN i 2k eR 50, SR 5 2 A4 1 5 20 A
IR R AUEE R . IR 1 oy 20 By 2 (9 1
JER] DL H, ace (Siamese) <Cacc (Triplet) <Tacc
(Quadruplet)<<acc(Triphard) <lacc (MSML) <
acc(DTN) . DA 25 2544 L, Gt 3k Xof I 4 45 ) 145}
R RE L5453 B, AT AT LR b i Bt P A
B BERL
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(D 1Ak 2 B8 1) X b ml L&
PR Bt 2 090 2 4 S B30 L G B HE R SR AT T
RK I 25 .

()T 3 8 7,0 LA B A MEREAAE
fy BT Triplet YIZRKEEE . SR, 2 FH 25 (]
Bk M # Batch OHNM B, H K B A&~
softmax, X FFE KK softmax FEAX T I 4 X
JE A2 0 2 R i 8. Softmax 8% Jih 14
ZAE LB AR ZEN AR IEFP 2 . Softmax B¢ il
T2 ) 2 18] 43 B R AE  AH NSl K 22 A9 RRAE 70 5
SR, 3 3 M Trihard 78 OHNM | i 46 i ] 7
235 A SR 2 W LA M 42 v VAT S 32 OHE B8, 2R
M E: 8~11 I softmax, T 45 (8] 7] LI A
R S

(OHFEM I OHNM A1 725 1) 38 28 09U k7

2 5.6.7 M AR v, ak K2 ) 2 1 R A T
U/ 723 ] 23 43 B ALY G RS L 48 2R3
KT, Wik, kPG EN F= BB TR
L,

WO 15~17 5L 5~7 W&, ik 8 5
JFrE 13 e, B8 DTN L Triphard 5 #ER .

Gk 9~11 Mk 8~20 XM . EH T
M, Focal loss ff F softmax. i id 4 #r, 15 H
DTN ,Batch OHNM, F %5 [A] R 24 fl Focal loss #f]
SRR 2 R A A 2O i NS U AL
A e .
52 MEEHHFZIXIT S TSI H L% (ROC) &

AR

AR SCNA ] F BE T 26 1 R i 20 b 35 2k pR L
HEAT T . % 20 Moy ik iR AR 3 A

F1 LFWHEE FsMREIBNSFHBEIT L

Tab.1 Comparison of training accuracy of various loss functions on LFW data sets

Method -N  (LFW DATASET) Ace/ %
1-Siamese+contrastive loss™™ 96.21
2- Quadruplet loss!?!! 98.85
3-Triplet+ Softmax (Baseline) "] 99.36
4-Triplet+ Batch OHNM 21 98.98
5-Triplet+Batch OHNM+ Subspace-5- 99.25
6-Triplet+ Batch OHNM— Subspace-10t%*" 99.38
7-Triplet+ Batch OHNM+ Subspace-20%°] 99.33
8-Triplet+Batch OHNM+ Softmax?" 99.33
9-Triplet+ Batch OHNM++ Subspace-5 + Softmax?’ 99.38
10-Triplet+Batch OHNM+ Subspace-10 + Softmax'**’ 99.48
11-Triplet+Batch OHNM+ Subspace-20 + Softmax!?*! 99.41
12-Face Net (Triplet-- OHNM) ! 99.63
13-Double Triplet Network(MSML) +Batch OHNM + Softmax 99.37
14-Double Triplet Network(MSML) +Batch OHNM -+ Focal LOSS 99.38
Double Triplet Network(MSML) +Batch OHNM+ Subspace-5 99.28
Double Triplet Network(MSML) +Batch OHNM+ Subspace-10 99.39
Double Triplet Network(MSML) + Batch OHNM— Subspace-20 99.35
Double Triplet Network(MSML) + Batch OHNM—+ Subspace-5 + Focal LOSS 99.39
Double Triplet Network(MSML) +Batch OHNM—+ Subspace-10 + Focal LOSS 99.51

Double Triplet Network(MSML) +Batch OHNM—+ Subspace-20 + Focal LOSS 99.43
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NI 53 TF 5 725 [AECH R D 78 Z2 8 AL N 9
Rl 43 BAERL A ;25 [) v, B AR T 3 g %003

& 8 f#f FH A Fl 25 #Y f4) 5 3% . Triple + Batch
OHNM-+ Subspace #1 Triple+ Batch OHNM +
Subspace—+ Softmax. N 3 Ff ¥ 25 [0 45 =5 1) &
— Rz ROC <k, 43 E =5 |4k 5,10,
20, PRI LA W A Softmax b6 L #E A7)
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FAERE . W RO P v BT A HHE 1 A R B R R
ATV A5 B B RN EE (ARP)

X H Triplet + Batch OHNM + Subspace,
Triplet + Batch OHNM + Subspace -+
Softmax fil DTN MSML + OHNM + Batch +
Subspace + Focal loss = Fl il 25 4% 2L X PaSC,
LFW . PubFig, FERET, AR Fl YaleB % i 4 i
ARP #EA7L

2 M LA 3 MUNGEIT T Bk 6 4
E LR GO 1 a1 s X e UN TN SANN
LK2rhalLIEW, X 3 KFAaE ARP 78 LFW
R E.7E YaleB B AR, XKW NP RW
YaleB ¥ TR Z TP &R, 1ok IR E S5 1
3% 3 7, DTN-MSML + Batch-OHNM +
Subspace-+Focal 7% ¥ df . [FIRE M, 2 45
Tas [ HCh 10 AT DASE @ I Z00Rs

x2 RMELERFHEEBEE(ARP)

Tab.2 Average retrieval precision (ARP) for topmost match Y%

Dataset M.5 M.6 M.7 M.9 M.10 M.11 M.15 M.16 M.17 M.18 M.19 M.20
PaSC 94.16 94.25 94.21 94.18 94.36 94.25 94.31 94.43 94.36 95.05 95.32 95.28
LFW 99.22 99.36 99.30 99.30 99.45 99.39 99.26 99.36 99.33 99.35 99.49 99.40
PubFig 98.18 98.30 98.24 98.26 98.40 98.34 98.31 98.34 98.32 98.33 98.44 98.35
FERET 96.12 96.16 96.15 96.23 96.27 96.25 96.27 96.32 96.29 96.41 96.50 96.45
AR 99.76 99.78 99.77 99.82 99.87 99.83 99.82 99.84 99.79 99.85 99.87 99.86
YaleB 87.01 87.09 87.07 87.09 87.12 87.10 87.13 87.17 87.14 87.24 87.27 87.25

54 HFERSCIE % 3 7€ PaSC,LFW, PubFig, FERET,AR # YaleB L {&

3E aF DA b S, e SR R4 % pR RS A A
H4 N : DTN(MSML) 4 Batch OHNM - subspace-
10+Focal loss, FEASTT Hy, FRATTHE 1 37 128 R 1Y 7
RSSO, T RS Y E R A — AN B A R R
PHEAEE AR . X HLL DTN(MSML) Jy A4
PR, % i A% 7 £ Z L5 Batch OHNM, Subspace
Ml Focal loss, FAT—k H b — A48 2 o W28 K
FAE R SR B R AR,

5.4.1 441 % % Batch OHNM

M DTN + Batch OHNM + Subspace-10 +
Focal loss B 40 & " 2 B Batch OHNM, ¥ #% fifi
BUREARC XS . A3 3 AT LLE . IEFE AT iR
A B A MERE A L AL L 15 DTN B A2k X
THLIFIEAEAS N AR A Z [B) A A BE B 1 2 L, 7
B R R RIEFEAR . @i Batch OHNM HLi , 7T
PAFE DTN A o i AP A A [l 45 2 A AR il
TR B SR vE R IE S TR RS . AR,
(SEI R = NSk = 3 SO S¢S B T A o ] = o N
B4, PRt ™ S e 1 S

F DTN+ Subspace-10 + Focal Loss B 10 M #& &
El{& 8 ARP, Batch OHNM X7 #& & #5 & #n & | W
&b 32 B 18] 19 2 T

Tab.3  ARP for 10 numbers of retrieved images using
DTN + Subspace-10 + Focal Loss over the
PaSC, LFW, PubFig, FERET, AR and YaleB.
Influence of Batch OHNM on retrieval accuracy
and sample Pre-processing time
Random sample Batch OHNM
Dataset  Acc/ Pre-processing Acc/ Prep-rocessing
% time/s % time/s
PaSC  81.36 12.6 84.98 16.9
LFW  95.78 13.5 97.77 18.3
PubFig 92.26 67.5 95.41 91.2
FERET 79.16 13.2 81.48 17.8
AR 80.55 2.9 82.39 3.9
YaleB 68.74 6.7 71.39 9.1
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5.4.2 #2#%] T & Subspace

M DTN-+Batch OHNM-Subspace-10-+TFocal
loss 206 " &% T 25 [8] (Subspace) , AN A R 257
2, WFEAATLLE A FaEERER DTN
RREAU S FOE B R MR AT £ i 25 2R T 1 4k B BRI
ARSE T TC 3 S A FRDUE A AR X 09 L A8, ) B B
TAT TS A B2, (A5 IR ME A AR 1 T 0 2803 AR
T, S EIAL R B, A A R R 2L S .
A LR % AR AS 4 455 A AR LE A A< F0AR B £

FEA . (HRMER 4 ORF  RABERE T2 M 522
TN A R S A O 5L TR 2 BRI T
6] 7325 25 %t 22 AR AL R AR b L i 7 2 18] A
20, T2 40, XMBIR THARKNTL R,
I EFE SRR TS B H R R EHEA, A
g AT LA L TS E O 10 S d A Y T =S [ K
3 T ELAE A RS 5 R ORS JEE A ey T B A 1
169 50 1 B9 38 00 A /0 ) 0 BT PN 4 3 A R AR 1
[F) P A2 A ARG, DAY Ib S92 4 2 A P 42

4 10 MEA DIN+#t X OHNM+ 7 PaSC.LFW.PUBPIG.FERET.AR #0 YaleB 1§ F§ DTN+ #t )% OHNM+ £ £ 16
HEWEBH ARP, REFZEAMNHBENKREREMIRERZME

Tab.4 ARP for 10 numbers of retrieved images using DTN + Batch OHNM + Focal Loss over the PaSC, LFW,
PubFig. FERET, AR and YaleB. Influence of the number of clustering subspaces on retrieval accuracy and real-
time

Dataset  Subspace=0 FPS Subspace=5 FPS Subspace=10 FPS Subspace=20 FPS Subspace=40 FPS
PaSC 81.35 18 82.15 24 84.98 27 81.98 29 81.49 34
LFW 95.25 15 97.49 26 97.77 28 96.45 31 95.96 32
PubFig 92.26 14 94.67 24 95.41 28 94.45 34 93.49 36
FERET 79.49 16 80.95 25 81.48 26 80.12 30 79.89 34

AR 80.19 17 81.69 27 82.39 27 81.47 31 81.02 32
YaleB 68.68 15 70.66 26 71.39 26 70.34 29 69.48 31

5.4.3 4] £ % Focal loss

M DTN + Batch OHNM + Subspace-10 +
Focal loss 414 H 4 B Focal loss, X #8895 5
S IE AFEA AN S, AR T XEREA TR 2 . M
FOSALIAE M, DTN B A 5y A s ik = 3k FE A i
e TEARRFRESE |2 AR AR AR 2K 725 (] v ik
PEREARS AN BE T8 00 R BT A XS OCH . R
IEFEAR 5 RAEA Z [0 AP, S BOE AR TR
TS B AL YI L5 e 18 2ok 400G Tl A, R AR T
K RKEE . Focal loss F 38 i {d 15 XERE A UE 7 33
UE R AT RE AL AT LA 43 B ASEM A A Al R i i 3L
[a] @, i#1d I3 Focal loss MBS EL. A Y a=
0.5 I, RIIE SRR A X 4, I 25005 8 B RF AR 3E J3E 1Y
KA E v o SR YA AS KO S5 I I ok
T o BVAE A B e KO, I 2ok FE 42 v v = 0.9,
FEA TN VA7 5| S 1) dok 4005 ) A0 745 4G 20K 88 AT

(B, 2% @ =0.1 Al «=0.9 B, P52 A 1 £ J3E R
TBORE A 149 4655 1) i A 2 188 0 O 670 R A 1) 48 2R i)
SR SIS B, TR AR 349 46 15 R AN A 1 A
B, 24 a=0.1 Fl «=0.9 )t 23 {f Wit 451 [ AR
S R BURGE  HUA I SR AR 35 A 1 A B0 S
MA R A

DA b 7 /il S 6 45 SR 3R I, A% AR AR 2 R
AL ECER A . R AR AR SRR O ES L
KB R, T 3.3 4 MK 5 o] LG R &
ESH L RSB . OB E OHNM Hikb
L QF A5 2h 10 2125 1) I e A AL
@a=0.5,v=0.9 BEMRYRESH. BT R
HESHEE T, AP DTN(MSML) + Batch
OHNM+ Subspace-10+ Focal loss ) {E4H 5,
LR LG TR R AG B, B SC I AT 3 28 PFS
EH.
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£ 5 10 ME A DIN+#t )k OHNM+ 7 PaSC.LFW ,PUBPIG,FERET.AR # YaleB b {& /| DTN+ #t Xt OHNM+ £ 46
KR E S ARP, Focal loss X #& 2 15 & 70 35 B 14 B9 %2

Tab.5 ARP for 10 numbers of retrieved images using DTN+ Batch OHNM-+ Subspace=10 over the PaSC., LFW, Pub-

Fig, FERET, AR and YaleB. Influence of Focal loss and its corresponding parameters on retrieval accuracy

and realtime

Without Acc% /FPS

Dataset
Focal loss 4= 0.5 y= 0.1 a= 0.5 y=0.5 a= 0.5 y=0.9 a= 0.1 7=0.9 o= 0.9 y= 0.9

PaSC 81.28/15 81.96/35 82.89/31 84.98/26 83.16/25 83.24/21
LFW 95.17/19 95.63/36 96.59/29 97.77/28 96.92/23 96.86/25
PubFig 92.05/14 95.39/35 93.92/30 95.41/25 94.34/24 94.44/23
FERET  79.18/16 81.32/39 80.49/29 81.48/27 80.79/26 80.82/24
AR 79.98/14 82.25/34 81.13/31 82.39/25 81.88/24 81.76/24
YaleB 68.56/13 69.10/35 70.26/32 71.39/28 70.72/22 70.83/25
55 RgeEBtil JEAE BV R A M. A 10 USSR el

h T B AE R G B L N T Silktest UK VLA W, Bl W TR B i , e g A A 1 &
THEN LS R WA E MG B md BRI, i I B A AR o R X M
SEN R OC BRI, E B AR AL 4 A LI B AR HE Batch O BU™E S, i Focal loss 2 X & G & 4 1 5%
OHNM. {HFr7E & Subspace . iHFRZE & Focal loss i) fe K Y A8 &

B2 EBatch OHNM  H 4B 2r B Subspace =l W2 R focalloss D B{LRHE

RO

DOOeE— .

W35 W40 WETENRAS  WETAENRSO

s W10 WERR1S  WRR20  WERER25  BAFESR30

iR EL B E

K10 REGEEHEESHTIE

Fig.10 Robust analysis of the system
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