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Abstract The task of person re-identification is to associate individuals who have been observed over
disjoint camera views.Due to its value in applications of video surveillance, person re-identification has
drawn great attention from computer vision and machine learning communities. To address this
problem. current literature mainly focuses on extracting discriminative features or learning distance
metrics from pedestrian images. However, the representation power of learned features or metrics
might be limited, because a person’s appearance usually undergoes large variations in different camera
views, and many passers-by may take similar visual appearances in public spaces.In order to overcome
these challenges and improve the person re-identification accuracies, we propose an effective re-
identification method called cross-view discriminative dictionary learning with metric embedding.
Different from traditional dictionary learning or metric learning approaches, the cross-view dictionary
and distance metric are jointly learned in our model, thus their strengths can be combined. The
proposed model not only captures the intrinsic relationships of representation coefficients, but also
explores the distance constraints in different camera views. As a result, the re-identification can be
performed with much more powerful representations in a discriminative subspace.To address the bias
brought by unbalanced training samples in the metric learning phase, an automatic weighting strategy
of training pairs is introduced. We devise an efficient optimization algorithm to solve the proposed
model, in which the representation coefficients, dictionary, and metric are optimized alternately.
Experimental results on three public benchmark datasets including VIPeR, GRID, and 3DPeS, show
that the proposed method achieves remarkable performance compared with existing approaches as well

as published results.
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AR - P DA B A S IR R A BE A8 L 5 4
PE R A 20715 o KT 25 rb 12 B0 8 iE B 6% T8 4
Z0) ] LA 1 R A S U L 9 3 ) Rl R T A R
FHLE 407 B9 AT N A WL 35 B8 g A6 Al T IR B2 3k 2 I 4%
BRI EAG LR, T 78 ImageNet F il R4 19
152 JZ#) ResNet-152 P44 - IRAFFAE N 2048 4.

3 SHRE

S 6 v A Y A 2 R0 o A2 SR IE AR AT, B
BE R A =1.2,=0.2,4, = 0. L7E{ FHBE B T [ o

BW I, 2 ) R IR IR 0.01 s R AP
HARERSCE T REIRT 3 7K 1.2 %, 0% 9 & I
0.9 YL A . 7 6 4% ) 345 119 400 8 5 B m = 200,
KT HEEE N EBHAE 3.4 TR — L THE.

O TR S5

S 56 v O 2% B AR SR T T B K- BRI (single-
shot vs single-shot) i VEEC I 7 %, B T #E 3DPeS
AT N R BOR S5 Rt 5 STk (34 1P i
AR 0 AT AL IE £ — sk R TR
REGIANE R IE T AE TN b B+ T AT A
PP AE 5T b S O T iz 19 R R DR BC KR AE
(cumulative matching characteristic, CMC) filj £k,
BT 7R A DL AC 4R TR bk B IE il DG A9 HE
FA T AR TR SCHR A TF A T AR TR REXT LU, TR A%
PALEEE T CMC 2823 #HE 7 2 & (rank) A9 IE
BCHE BE. Ry 1 AR A S 2R S R S 45 1) e g
s 5 LEREAT T 10 WBE B A4 YI k4R [ i A &)
A3 BB AT CMC A Sy fie 4 52 56 508
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3.2 EX#HAFAMERITEL

S S AR X CDDM B35 78 454 S i 45
IR AT RN 45 2R 5 SRR R A T O B R T
TR .

& VIPeR % 5 [ #4747 A AP R A T
U B R Tz 0 A R R 2R T SR BUE AR v 632
MT NP 53R 2 L, BAH 316 MT AN H T —4
YE IR AE 55— AR DA SE 30 X L0 7 vk
A W B S R 2P (supervised smoothed mani-
fold. SSM) Jy i . 75 ] 9 S UL BE 2 21 ° (spatial
constrained similarity learning on polynomial
feature map., SCSP) 8 %, % %5 [i] Foley-Sammon
AR (null Foley-Sammon transform, NFST) .
4 A% (metric ensemble, ME) | # 1% #L 4 5&
P E S0 A BEAE P 38590 (camera correlation aware
feature augmentation, CRAFT) | il A £k 14 g 5157
(weighted linear coding, WLC) . 3 T # 1k ¥ M f
WplA] 22 ik 43 289 (kernel cross-view collaborative
representation based classification, KX-CRC) . 3£
T T AR B B 1 B i 2% 2 (metric learning by
accelerated proximal gradient, MLAPG) ., XQDA"™ |
GOGM"™ (¥ B £ J2 M L JEY (deep multi-level
similarity, DMS) Fl SpindleNet"™ %,

£ 1 5K 441 T CDDM 83 K HAth 53 vk 75
VIPeR Fdi 4 0947 A PR R 5045 1 X5 Ho. X be 45
T LU i CDDM 7EPERE I W] WAL T HoAh J7 25 ¢
P& FE rank-1 |-, CDDM B3 1 60.93 % 1) i # IC
i %, 2 0 — 38 2] 60 %6 VT AL R A Oy k. F L T
SpindelNet B 5 1) 5 1 45 % 53.80% 4 kb . CDDM
PR T 7.13%0 X Fe sy R B T CDDM I 57 19 1k
e AEHAB R 4 A~ rank |, CDDM & 301 & 2% 1
PERE DL #4576 XF [ J7 : H1, SpindelNet, CRAFT, DMS
e TR B A S BRI Uy 1 (H 2 TE VIPeR $idE
&l TR D, Tk e 2 R T AR,
BAREANTE rank-1 E#RIAH] 5020 LA ERYICACA H
R AP BB A7) A X A58 A X L T i SSMLL SCSP,
NFST.MLAPG, XQDA 453 i 4 % 5 53k . KX-
CRC 5 WLC g3 Tia 2y 2 iy J5 vk S EATA I
CDDM Bk 27 2] 1 ] il ) it 55 32 68 26 B L B 06 [] 1)
F I 0 H o PRIk HL A 5 5 1 DG P

fE GRID % 4 4 L. SC %5 K 7 Probe 5
Gallery H s F#E BR 09 250 A5k 2 H. H

O T £ 1S IT RN IS E CMC, IR BE 42 2 .

—AE RN e, 55 — LR Gallery H 3 F#Y 775
sk e R A il 4 A 1% B diE 4R A SC CDDM
Bk SREA M A7 B SVMEPT (sample specific SVM,
SSSVM) , NK3ML"* (nullspace kernel maximum
margin metric learning) 55 JL i SCHR 2 FF 1% 25 2R
XFLHe AN 2 M 5 froas . A 2 al i, CDDM F I
8T 45 R A rank-1 . CDDM 43 9 1E i T
BLRIAF] T 28.2006 . HLBLHT e LAY NK3ML Al SSM
T 1% fEH A rank |- CDDM A3 T 5 448
75 W PR BE. X 36 ] CDDM B % %5 47 M i %)
GRID H# 45 b 52 2 19 40 F 28 10 5500 IR 5 4.
Table 1 Performance Comparison of CDDM with State-of-
the-Art Algorithms on VIPeR
£ 1 CDDM 5H{tiE X7 VIPeR $#E%E LR R LE X

Method rank-1 rank-5 rank-10 rank-20 Reference

CDDM 60.93 86.68 93.89 98.35 Ours
SpindelNet  53.80 74.10 83.20 92.10 Ref[ 7]
SSM 53.73 91.49 96.08 Ref[35]
SCSP 53.54 82.59 91.49 96.65 Ref[34]
KX-CRC 51.40 81.20 89.70 95.60 Ref[26]
WLC 51.40 76.40 84.80 Ref[37]
NEST 51.17 82.09 90.51 95.52 Ref[11]
CRAFT 50.28 79.97 89.56 95.51 Ref[36]
DMS 5010 73.10  84.35 Ref[5]
GOG 49,72 79.72 88.67 94.53 Ref[16]
ME 45.90 77.50 88.90 95.80 Ref[13]
MLAPG 40.73 69.96 82.34 92.37 Ref[20]
XQDA 40.00 68.13 80.51 91.08 Ref[6]

100

90 |

80

P
&~ —k— 60.93%, CDDM
& ©— 53.54%, SCSP
—8— 51.55%, KX-CRC
< —— 51.17%, NFST
4 —6— 50.28%, CRAFT

49.72%, GOG
40.73%, MLAPG
-<q-- 40.00% XQDA

Cumulative Matching Rate/%
~
(=}

50%

404

2 3 4 5 6780910 20
Rank
Fig. 4 CMC curves of different algorithms on
VIPeR dataset
4 RIFEBETE VIPeR H4i4E Ly CMC £k
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1 3DPeS i £ 1 S g iy >k H 1 5 SC#ik [ 34
AR I B B4 4 23 B0 07 58 ZEE S BE AL e £ 96 A
YER NGRS I 4x 96 AAE ML X T &7 A
BE DL IE £ — sk KGOk G d DT L 4R L B R ER S T
G R E B S 54 S0 CDDM 8k 17 %6 e 1)
A ¥ Ak JR B Fisher 2624 H1 5159 (kernel local
Fisher discriminant analysis, KLFDA) | ¥ & HE 7
] B 2 2F 2 1% (deep ranking by large adaptive
margin learning, DRLAML) .3 5| § & % )y =M
(domain guided dropout, DGD) , SpindelNet,SCSP
M ME. 2 3 5 T3 26535 AE rank1,5,10,20 14
75 1Y A FRIT E 1E A .

Table 2 Performance Comparison of CDDM with State-of-
the-Art Algorithms on GRID
*2 CDDM 5HAMHE A GRID ##EE FILEEITLE %

Method rank-1 rank-5

rank-10 rank-20 Reference

CDDM 28.20 52.40 64.00 74.10 Ours
NK3ML 27.20 60.96 71.04 Ref[38]
SSM 27.20 61.12 70.56 Ref[35]
KX-CRC 26.90 45.70 57.50 70.20 Ref[26]
CRAFT 26.00 50.60 62.50 73.30 Ref[36]
GOG 24.72 46.96 58.40 68.96 Ref[16]
SCSP 24.24 44.56 54.08 65.20 Ref[34]
SSSVM 22.40 40.40 51.28 61.20 Ref[35]
MLAPG 16.64 33.12 41.20 52.96 Ref[20]
XQDA 16.56 33.84 41.84 52.40 Ref[6]

——— 28.20% CDDM

70 F —8— 26.90% KX-CRC

—6— 26.00%, CRAFT
24.72%, GOG

60 [ —&— 24.24%, SCSP

—7— 22.40%, SSSVM

—>— 16.64% MLAPG

50 ~A- 16.56% XQDA

40

Cumulative Matching Rate/%

30 ¢

2 3 4 5 678910 20
Rank
Fig. 5 CMC curves of different algorithms on
GRID dataset
K5 AEFELE GRID i % Ei CMC #i £

M3 RS T LA 5 AR T I AR L AR
3C CDDM 553k U7 19 D T 45 SRR AR 41 5 T At 7

A€ rank-1 1= CDDM HIE RN 65.57 06, HeAlE£E
% 2 £ B9 SpindelNet & T 3.47 % , 7£ HAh rank I+
WL T 26 0 e 5 . A8 5 T IR B 22 2] 7 ik i
SpindelNet, DGD, DRLAML 7£ iZ %4 4 b 093 51
PERE HH AT 3547 B4R T L (847555 T4 3¢ CDDM 3.
7.5 SCSP, ME, KLFDA 4§ Jf 4 %% 2] J5 4 # 1L,
CDDM B B A7 Wtk i P A 45
Table 3 Performance Comparison of CDDM with State-of-

the-Art Algorithms on 3DPeS
£ 3 CDDM 5HhE L7 3DPeS ##E & LA RN L

Method rank-1 rank-5

rank-10 rank-20 Reference

CDDM 65.57 84.53 91.60 96.24 Ours
SpindelNet  62.10 83.40 90.50 95.70 Ref[7]
DRLAML 58.30 74.00 88.50 Ref[40]

SCSP 57.29 78.97 86.02 91.51 Ref[34]

DGD 55.20 76.40 84.90 91.90 Ref[41]
ME 53.33 76.79 84.95 92.78 Ref[13]
KLFDA 54.02 77.74 85.90 92.38 Ref[39]

3.3 RAERBRYSERR FREEMELRE

TE 3.2 AT AR 00 45 R A X e, R
K AE R R HT T A (R B s SRl o O B2 B R
A5 A 1) 25 A8 5 (8 ) AR A 1 38 T 45 RN A TR PR
PEBEXT L SR A AE — 22 1A L R IR T T
SpindelNet ™ 255 F ¥ B 22 ) 1) ik, R B & B
153 A S B R R L AH R 32 BB 4 PR AR B R
AR BRI B AT R R ME LA B 58 A R LR T i —
A% CDDM 53 32 19 P g #1743 17 - 495 % CDDM
5 At AT BRAT PR A 4 55 1 AE SR FHAH R RRAE B A PR
SIVEREHEAT T . S 5% i A 7 B SSSVML,
MLAPG, XQDA, KLFDA, NFST, KX-CRC, H th
SSSVM Fl KX-CRC 2 2% 2] H] 1] 1) 3 4 J7 16, Hr
R B A 2 Tk

SR A SOl B RRAE AR 7 L 76 3 AN B4R
A BB RY CMC 4k ) rank-1 VCECR A0IE 6 B
R NE 6 BT LIE A SC CDDM B k1 3 A B 4
I ER T T A L B U L M BB 7E VIPeR %k
HE4E I, CDDM 4 rank-1 PEHC 3K 60.93 % . HEFE 4
2 & JE XQDA, H IE #§ UL fid R & 58.72%. [
CDDM 55 T 2.21%.7E GRID 5 3DPeS %44 |,
HEAESE 2 2 B9 07 240 & NFST fil XQDA. 5 E A
AH L, CDDM 23 51 B A 1.08 % 1 3.33 % 4 rank-1
Re 3 L5 B 4 I e 3 AN B 4 - 1 70 300 4 g
A DL BR L 7E ol AR RS AE 4 3 1 i RV &5 O
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ARG 4R 1 PR RE 2 A7 18 22 5 L R AR 3L CDDM
P T R N 2 > 7 0 St ) L 5 R O B L R AR B

FRALHIAT NP L R % S 50 e oy BT T R 5 o
> A 531 ) L5 R R T R B 34

80
70 |
£
ol
& 60}
on
(=]
£
g sof
> 5
B —%— 28.20% CDDM
£ —>— 27.12%, NFST
E 5 26.67% XQDA
K —&—25.68% KLFDA
—— 24.00% SSSVM

—%— 23.92%, MLAPG
—6— 23.84%, KX-CRC

1 2 3 4 5 10 20
Rank
(b) GRID

100
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90 |
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5 85
2 80f
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Q
g 5y
v 50l —%— 60.93%, CDDM
£ ©— 58.72%, XQDA
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Rank
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100
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= 75+
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g 70t

657
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62.24%, XQDA
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—8&— 60.87%, NFST
—b— 60.39%, MLAPG
60.24%, KLFDA
—£— 59.45%, KX-CRC

5 10 20

Rank
(c) 3DPeS

Fig. 6 Performance comparison of CDDM with other algorithms using the same feature representation

P06 R AR R RRAE B 72 T i CDDM 5 1A 553k ) M BE ST HE

34 BEESW

TEARSCHE B CDDM B3, 24 27 (14 541 51 ]
ey 58 o) Sk ) B R A X AR 1Y 43 T A A AR AR A
A S R A B AR R R AR K B S e, 7E
AT S O AT A3 B AT T 4

1) o) 2 5 ] o o o B 7 M B ) R )

& 7 45 1 T 78 VIPeR, GRID, 3DPeS ¥t ¥ 4 I,
KA SC CDDM 83 #4747 R 3HU31) B A [R] A )
3 i) B X rank-1 1F 8 DU BC R A9 52 00 R 7
AT LLE Y, Bl ) O ) e 000 G, 25 B 4 1
AY rank-1 PCE 3R 359 5 [ Fh 4 #; {0 78 7] 88 85035 3
200 J& , 25 DLl A B AR R RS . I, AR SCIE %
T 200 A Ay i) i 56 ) 2 4K

2) BRAG A 2] 009 i) 5 B R R AR

FEASC CDDM 8k B G 27 ) 1 F 1l e e

JE R W R T TR I G 2 ) B S R T Al R 1 7
RESRTE, U0 ol B0k 1 b A B R R B 1R Ol FR
FEFE#EAT T 828 CR A5 i CDDD L Jf 5 CDDM
TET X b3 4 43 il T BT HEAS [a) B3 4R 1 9 S5 5
S50 N 4 B T FNIER G 2 20 0 Sy ) e 5 R O
ff,CDDM [ VG i ¥4 fig 2 3% it T CDDL 7 VIPeR,
GRID,3DPeS I ,CDDM ff) rank-1 JE ¢ 3 [t CDDI
Sl T 7.13%,4.88%,5.15% , B BHBX & 2% )
JE o R T BT R BT 0 Y AE S5 A AR A AR
5723 18] B A FH G R B 5L A A ) ) s e

3) AlAIREERFAE S T TR AE A K 1 PERE 32 T

AR SCS Iy il T T B B AR AR R T (B
i08 HCFeat) 5 ResNet152 2% 3 B {1 ¥ B 457 1F %
ik (BRiE A DeepFeat) , B 8 45 H T &A1 1€ Gl & 1d
(B3ic A ConFeat) 5 M 37 ff B 3R 45 #) CMC k.



2434

RIS &R 2019, 56(11)

P8 T LA B 2 FiRe ik filt - 5 R Y DG C 1 AE

FT oIS T A 25 2R AR SO ik E B iR

PR BT AR T BAT FAME B9 RRAR)Z S e 2

100
[ Im=s0 [ ] m=100 [Jllm=150 [ m=200 = m=250 [EH m=300

80 -
8
P 65.57 65.36 65.43
3 58,50 50.93 60.82 60.66 60.77 6222 S
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g REk
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<
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Fig. 7 Influence of the number of bases for dictionary learning on rank-1 matching rate
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Fig. 8 Performance comparison of feature descriptors
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Table 4 Matching Rate Comparison of CDDM with CDDI

%4 CDDM 5 CDDI T %ttt %
Dataset Method rank-1 rank-5 rank-10  rank-20
CDDM 60.93 86.68 93.89 98.35
VIPeR
CDDI 53.80 81.96 91.77 97.47
CDDM 28.20 52.40 64.00 74.10
GRID
CDDI 23.32 47.68 61.12 70.80
CDDM 65.57 84.53 91.60 96.24
3DPeS
CDDI 60.42 82.41 89.20 95.04

4) AEAKT A RCEE 43 B 6 B 1% 1 i Y 2 )

R T BEARAS 1 A I 2 RE A A R Y B o g 22 (7]
B, AR SCR T A 38 R A R A G ACER 43 SR L R T
2 A RE AR O AEE 43 0 R B 3 B Y 5 M), 2 50 rh )
JIr A FEAR XS AR A 5 EALE (R & Q) g, =1 B
f14) DT e M BE 5 08 FH X (8) AR 43 i 58 BUAS A 45 SR
AT HEREXT LLL B 9 25 1 T X 2 FhIE &0 T 7E 45 B s
£E L0 rank-1 PEECR K 9 v LRI, R T H3h
FUEE 43 TE 3R W LU AN %5 JEAUE 4 Bl R T 7.07%,
3.68%0,8. 66 Y0 I T BE 4 T, 1 W] A SCA R 43 TC 36 W
XoF YI 5B A B0 S S 5 | 1 B 22 1) LA R
L 1 A0 4

100
I With Sample Weight
§ 80+ Without Sample Weight
=
& 60.93 65.57
2 60r 53.86 5691
=
L
<
= 40t
D 2820 54 57
- l
0
VIPeR GRID 3DPeS
Dataset
Fig. 9 Comparison of rank-1 matching rate
[ 9 rank-1 VCHED % L
4 LERIE

AR SO T — o 5 A S ] L A B AT
PR3 5k v il SRR s AR A i T s
57 o] T LA A S S A T SR R A A TR AT R
LIRS B AAE A TR TR
T 57 > T 2 R S Iy T O SRR AR B AN A A R
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