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A survey on metric learning in person re-identification

ZOU Guo-feng'!, FU Gui-xia', GAO Ming-liang*, PENG Xiang?, LIU Zheng?

(1. School of Electrical and Electronic Engineering, Shandong University of Technology, Zibo 255049, China;
2. School of Engineering, University of British Columbia-Okanagan, Kelowna V1V1V7, Canada)

Abstract: Person re-identification is a very challenging research topic in the field of computer vision. In recent years,
with the emergence of large-scale datasets and development of deep learning, many results have been obtained in the study
of person feature extraction and description, distance metric learning. In the existing literature, feature extraction and
description have been well summarized, but there is no comprehensive analysis of metric learning. Considering the key
role of metric learning in improving person re-identification, it is necessary to systematically review the research status of
metric learning in person re-identification. This survey gives a systematic summary of metric learning methods from three
perspectives: distance metric methods, metric learning algorithms and re-ranking algorithms. Then, the performance of
some representative methods are compared and analyzed. Finally, we make a prospect for the future research direction of
metric learning.

Keywords: person re-identification; distance metric; metric learning algorithm; re-ranking algorithm
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FERHE RN, I ENARE A S B AR AEA R R
] ARACLEE, SR 5 SR FH I 2R 26 AR BE M LI Rl BT 11
“CUHALEE” . Jaceques 03 K FH IR FE 4% R X 28 Tl 45
TR 28 - BT N0 50/ 5013 B, TR BUT NRFIE R IR,
FREAT N 2 TARRE A, 385 22 TR 1 DT i s
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LI GUREAS A B ARAEA SRR BURE o 5. BH 22 Ty
A BT R AN [R5 O SR A, 2 T AN AR AE B T 3R
32 AU LR AT UG FE 45 R, fieJa R H] DCIA H% Sk
BRGEHR.
42 BEEREHF

P 6 7 B e 2 R ) 0 R R 6 R A O — b
PR R, R i T P A B e A, 3 B 0 B R P
R Xie FON XS g LR T % 5 S BUE R R
LA R i R, 8 T PR 1 2 R R SR
5, W 4 fr 7. Barman 5005 3¢ 358 170 208E 25 11
A7 N, 8 5 R B B SRR A S P R A
FHACLIEE 73 550, SR T 2 1] P Ao A 2 32k g P A R T, A
ALLRE 73 B O B R H AL 5 FE, e R S B
A S B R A, S S e

probe gallery

metric learning
algorithms

raph 2 graph T
it b
multi-graph | ranked S
ranking \‘
1 2 4 5 6 7

3
4 ETEERNZHENEEEME

43 RESHF

WAL HHE T I8 5] N IE R T A6 =
S5 BT ZIAB IR, S FHHE T 45 R UEFRPE. Leng %5160
P2 R T S 1) ) 45 SRAE IR W) AR HE T 81 3R ) B HE
J¥ 77 ¥, T8 e 1) 25 3, 4 5 R AR AE AR BLI 3 418
R UE B FEEAE N, 2T 4T AULEC IE# %, Zhong
SEOT B BT b HLIE AR gm0 EHE 7, B X R GHE T
16 € — R A, i e b HLR AR AR G A5 HOBT I &
TRHE, HJE Tk BLRFAE T 5 Jaccard FE 55, H HE 7 il
W14k BE A Jaccard BE B INACRL G 3RS 1% 07 1A L%
GHRH T FEARIAE oG R, it Jaccard FE R E IE T
WG B B 5 R w22 . Ye 5108 $E th A8 FH ARALL RN AN 4R
AR R W HE 7 AR AL HEZE, R AH AL, ¢ R 45 B HEF 45
S R ASFHAL G 22 77 A8 18 511 R, 4k 7 45 SR A%
s &, il 7 s & HE 7. Chen 209 347 NS
XPIR BERFIE TH AR AL RE 73 BV E MW AR HE 7, B0 R I
Tif TG T ) A A R R U A A s ] 4 2 110 4t i VT T
TG0 K, 38 gioof i DU AR A 1 2 = A HE P TR LA
M.

HHTAEE AT NE IR A ES R ki b
BEREMM 717 N2 R H8 X el 22 R AE 1) B A
RCSEL T E B EANE ERL S, =TT 1 E R R A
SR E BV AT SE
5 Mgeatr5iie

AN F 7y ST BRI AE R P AT N EHE 4 B s
B2 AT 1 BB 43 #. TR [3, 5-6] ©oXF AT
NEARERAE T VRGN 21, DR AR SCAR S B R AR T 2
Y. G RSCE TR IR 8 AN RN R E A
BT R S L VRS R ) A B Sk
a5 RE TR, ik 1 ~ R4 PR,

AT N B VR BE 0 o U B AR R DL A
ith Z& (cumulative match characteristic, CMC) 1 Rank- N
M, Horh Rank- N R4 52 DAUBUE P st R BE DL AT
s R A UCECAERS % . Rank- N F4% 20H H CMC i
2N B, BRI A SR FH Rank- IV A& % AN [] S0k
PEREAE T AT EE IR,

F BRI 8 5 R B o 7k
PR A P i S LAt 2 B T A — JE ZE R SCHR [13]
AR RS PR B 1 52 R A e AR A7 AR 48 25 R ) v e L
LR R SR [14-15] X152 76 W B R ), R 0 PR e AT
JIT B AR, AE B ARV e e 1 IR A A $ . IX SR WA
Xof AR R B R AE AR B ARAT N E AR I R R R AR .
PR ARABA P 2 B R S AR AU B B 2R B T T B 3
KARMERIR R N R R E RN .

M3 HIBHE R W], M LA T 8oy o) IR
J& & % ) Rank-1 #E ) 2 & Bt BOR S T AR IR B2
57 S AE VIPeR YN e A A 78 7 1O Bt 46 B, IR R
UL E 22 R B AR R I e IR R R R
5 o) B T RO R 4. X EE Rank-20 #E A
JEE, 22 B 52 5 2 o) RIUR B2 8 2 ST I 1k e 22 e AR
/N DRIk, 6 0T R SRR Y T F PR i (s SR I, 28 gt
JEE 57 10 KRB I R AR Ok 55 HL SR UINZR R
T, R I S PR AR . B SRR v EE AR I, PRI
SRFEAR 2 FEPE MR P P B A R A0 (1) JE 2R AR AIE 42
ELRE ), AR 2 P oy o) BT SR 3.

28 M B AT N EL R R AR SR S e R
FARG ST R AR SR U K N L v 7 A 3R
ISR  J5) 38 . 2 XIURFE, DL AT AAHE (1
il AR S T I AR AR, AR S R AR R BRI ZH A T AR
LM B, S B 0. AR AR T 2R AT N E IR
R T A S B A R S R R A PR ) R PR A, 72 T
WG DA o B AR G 1k e B T I B AR L TR
B ST AT N B U, I SEB AR SR M 2% 15
BRI A, BE S A M S AT AN ER M RE.
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=1 EEFENMEELLE S
A=w e FVEISCHER AR S Rank-1 Rank-5 Rank-10 Rank-20
VIPeR 30.0 57.3 69.1 81.9
SCHR[10] iLIDS 51.0 78.7 85.3 91.4
R CUHKO1 22.9 44.6 54.9 65.9
. PRID2011 70.9 78.7 82.7 87.3
k2] iLIDS 42.00 52.67 60.03 66.67
VIPeR 43.29 72.66 83.51 92.18
CHR[13] PRID450S 57.60 82.67 89.24 93.20
CUHKO1 47.80 74.16 83.44 89.92
VIPeR 30.9 51.7 61.6 72.3
AR FR B B R SCHR[14] CUHKO1 573 80.0 86.3 91.8
CUHKO3 31.9 59.4 70.1 80.0
VIPeR 38.1 56.3 63.1 70.6
R [15] CUHKO1 56.6 78.9 86.2 2.3
iLIDS 19.7 38.6 48.9 62.4
. VIPeR 34.18 66.60 79.75 90.19
1
kel CUHKO1 35.01 58.25 69.28 80.62
A DA o A VIPeR 45.35 71.49 83.99 92.53
CHR[17] CUHKO1 64.45 83.53 91.11 95.26
GRID 23.68 43.92 52.56 61.76
. iLIDS 65.90 87.30 — -
SCHRLS) Caviar-4REID 32.60 65.40 — -
AL &
. PRID2011 76.0 94.0 98.0 99.0
ik [2
ALk 1201 iLIDS 57.3 79.3 87.3 93.3
Fz2 GZHEEFIEZNMRELLE SR
EZNiNi o | SLVEISCHk EAEE Rank-1 Rank-5 Rank-10 Rank-20
- VIPeR 36.6 67.5 80.1 90.2
Sk [29] ¢
iLIDS 435 63.9 75.2 86.8
- VIPeR 29.35 50.66 61.93 74.94
SRR 1301 CUHKO1 33.46 50.88 60.97 70.97
VIPeR 51.46 79.56 89.08 95.85
R [31] CUHKO1 74.22 90.51 94.42 96.91
S IRER INE CUHKO03 73.21 94.48 97.93 —
R [32] CUHKO03 58.72 89.07 95.28 —
X VIPeR 52.18 80.54 88.92 95.60
ik [34
SRR 341 GRID 24.32 46.24 57.12 68.08
VIPeR 47.66 77.65 87.18 94.78
CHR[35] Market1501 57.69 77.20 82.87 —
CUHKO1 69.42 88.79 93.97 97.10
. VIPeR 36.97 69.87 80.31 90.44
SR 137] CUHKO1 31.19 57.93 70.66 81.39
TR VIPeR 40.7 7237 83.95 92.08
CHR [39] iLIDS 38.3 66.5 79.0 88.3
CUHKO1 36.10 62.68 72.61 81.90
VRIS E B2 S AT VA9 R 3 Fh LG 1) H Aw BR Bk 12 RMA I /AR ) R, A A Tk
H:2) SAES LA ST ) REA B AR RIURM FEIE,

S VR JRE JRE R A ST R 1 I % S A e e A 4
RAEAT NE R R RFAE SR IO B R B B K
DL, C o =4 i B AT N R Rk R i 32 i
T2 ABTR PR R 2 ST AT RO A X6 1 2k K o £
R R, IR P A & R L RN

HHEFP AT N R EUR I R IE, il B
WME R A EBREBRSL. T IRBIE
SR 1A R R HE R O A &R, 5546 1 A0 BE I TP,
BEAR 1 B 45 RRBL I T REdE. R4 I SEIR B R
WA $0AT B HE A2 (1 Rank-1 #E6 52, AH LL T4 4
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*3 REEEFIERNMEELLRSH

MR R Fk Sk AR S Rank-1 Rank-5 Rank-10 Rank-20
. Market-1501 80.31 91.27 94.09 96.02
k421 CUHKO03 69.55 90.96 95.07 97.54
Softmax #15k VIPeR 51.90 76.60 85.40 93.40
. CUHKO!1 83.50 95.20 97.30 98.80
LAk 1431 CUHKO03 88.60 98.20 99.20 99.70
Market1501 88.40 94.80 96.50 98.00
RRID2011 73.30 - 97.50 98.30
SCHR [45) CUHKOI 71.90 91.80 95.80 97.20
o e 2DPeS 58.30 74.00 - 88.50
. GRID 21.20 - 54.24 65.84
LR [46] VIPeR 44.87 - 86.01 93.70
. Market1501 84.26 93.59 95.99 -
LRk 149] DUKE 74.50 87.66 90.98 -
BV EIPS VIPeR 473 76.6 88.1 -
SCHR [50] CUHKO03 81.9 96.7 98.7 —
CUHKO1 70.2 90.2 95.5 -
CUHKO1 77.89 93.22 96.61 98.68
SCHR [54] CUHKO03 63.58 89.17 93.75 98.25
‘ PRID2011 72.54 94.61 100.00 100.00
Bea ik
iLIDS 59.7 81.8 90.9 96.9
SRR [55] PRID2011 26.0 - 49.0 58.0
CUHKO03 84.7 97.6 98.9 99.6
CUHKO1 793 94.0 97.2 -
. =
RBHIK RIS CUHKO03 90.2 98.8 - -
#*4 EEHFEEZNERELLERS R
EHP R FLIEICiR AR Rank-1 Rank-5 Rank-10 Rank-20
VIPeR 40.51 69.15 81.04 91.17
ik [59] CUHKO!1 57.02 80.43 87.90 93.40
CUHKO03 55.89 86.26 93.74 98.00
VIPeR 35.8 69.9 80.4 89.6
SCHR [60] CUHKO1 52.0 71.8 79.9 85.9
REEMT iLIDS 22.0 433 52.0 733
. VIPeR 44.02 - 85.40 92.83
Ak 161] CUHKO1 65.03 - 91.26 95.33
\ VIPeR 67.21 87.78 93.39 97.82
ik [63
ik 163] CUHKO1 66.91 86.95 92.12 95.7
SCik [64] VIPeR 52.59 82.50 91.14 96.84
PR AT 5] VIPeR 45.19 73.58 85.35 93.99
W CUHKO1 68.64 88.00 92.74 95.80
A VIPeR 52.85 81.96 90.51 95.73
- .
REEHF SRR 169] CUHKOI1 57.28 81.07 88.44 93.46

FE &2 2, B — e $E Tt (HE B2 A/ %) B Rank-20
T B, AR LL 28 i B 2 5], EHET S AR FH BN B
F. X R, AR A6 B A5 R LA E I 2
A R,
6 HBgERE

AR, T B ST AT N B R B AR T
LRI R, (EATY TG Ak 22 DR A% 1) AS [ B o 2 3] 7 ik
TEFH T AN R B R A 5% B s, M DA 31— b i

&R B B 5 ) M e A RS
PR AE SE BRI 4% (4T N EE AR 3 o R AT 21 i o b
F1:3) TP IR 85 T H9AT N R C RO 5 T R 2
2T NE R BT P

AR TAE AR, By Erd P B AN e 2]y
IR RFEEIT IT, D9 T AR TTBOA R AT A B R ) T e
VR X, F e RE R S AL HERE, N2 24 N BLR JUAN 7 T
X S BRI R AR Z AT AL
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1) /NFEARFEE225]. FFIOAEE R, HArT AT [51 Z=4hig, 277, 5k, 5547 NFRAEARLHR [T]. B3l

FEMBC IR, 472 i B AT AT AREAR A+ TR, 72
MBEUN AR T, V2 RS B 5 ) ik ik
R INGr, BT REE B L B AEFZ AR /1599 B
PhZE. UTAER, WU C & RVE B/ REAAT N E R
L, BB 25 ORI T AR 5 A 72 27 5] A1 JEE 32
tﬂﬁﬁﬁ%ﬁ% B INEAAT N B 0 FE el

S IPEWE U AL, AR R T o, B S 4 i 7T
NP A KR 1 55 77 25, 30 N M E B 3T (R A T
LRI,

2) 5 BRI o ). AT X R
PIAT N R 22 ] DA R 0T, (BT IR LA
AT N RURE A 2 RS Sk PR AR 1 £

o, BRI, T e 45 22 RS SR D0, € S B PEAT B H
f@c%%ﬁﬁ’]é%é\}ﬁijz}# B TERA EE R
B SEHIME.

3) I E MR B RS BRI AT N E

RN 7 v, A5 B2 B2 3] T VA A M B A, i
m‘uE’JiﬂlTW‘TELi?&EJZZMMMXm PRIk, < A
T MBS P O B A ISR 4% R AT AR
7 H A o B AN B R 2 ST AR MR RE L A K
MR PR A L DAL, VT R R e R T S A
MBS R R D) B SR T I B B R B DL T I R
FVERE, XHAT N E A SIS T2 B B
HEBHAEH.

4) iR R R E XM EHFEOR. BREE &

) EAA I Bt R O R R, E TN
P P Ty 3 0 B AT N R R RE R A A B 1
SFTHERL. 5380, AL 553 % W) B2 B 4 R AT
SRR IR E G P, X 4R THAT N FAR A R S A
FEREE AR A S R SAE
T 00 LA SRS A B B 22 OGUE.
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