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Person Re-identification Based on Fused Attribute Features

SHAO Xiao-Wen' SHUAI Hui' LIU Qing-Shan'

Abstract Person re-identification aims to retrieve specific pedestrian target across surveillance devices. Since differ-
ent pedestrians may have a similar appearance, it requires the person re-identification model to capture sufficient
fine-grained features. This paper proposes a new deep network method for person re-identification based on fused at-
tribute features. Person re-identification and attribute recognition are integrated into the classification network for
end-to-end multi-task learning. In addition, for each input image, the network adaptively generates weights corres-
ponding to each attribute. Features of all attributes are combined in a weighted summation way, and together with
the global feature for person re-identification task. Global feature focuses on the overall appearance of the pedestri-
an, while the attribute feature focuses on the detail area, and they can complement each other to provide a more
comprehensive description of the pedestrian. Experimental results on the DukeMTMC-relD and Market-1501 data-
sets, two popular datasets of person re-identification, show the effectiveness of the proposed method. The mean av-
erage precision (mAP) values reach 74.2% and 83.5% respectively, and the Rank-1 values reach 87.1% and 93.6%
respectively. In addition, attribute recognition on these two datasets also achieved better results.
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FEAWTFMAER: 1) F T RRHER IR RE
ABR, TR S 2 > A8 IR P G AR A 42 0 2% W] LA )
o) B RRIRHIE; 2) BRFE S 21 AT DLRARFAE SR X
ARSI B2 BBk & 7E — 2, ST 3 21 3 (1 5% 21, A
A5 20 4 oy e A0 A

H AT TR ST B4 ARG Tk R 200
JEE B2 SY MR AR 7 2] T ikl B i o) i ad st A
[7) 14 B2 B A0 2K SR ) RORRAGE 7 1), A 45 [F) — M7 A
AN[E) R AEARRAE 23 1) B R B AR A, T AN [F 4T N )RR
BRI, tn=Jod ik (Triplet loss)" MY u 4k
(Quadruplet loss)!""T FIEEH AP 2] (Group
similarity learning)!"! & /%, XI5 NI RHEALE
TREART IR B, T KREREARS ] 5 5 T X
BEATLRAE R 2 3 B0 2% 12 A B DA B, DRI 75 22
Pk Y — LU ERE AT BEAT U ZR. Zhu S50 5% R XA
{7 B ) URE A TE AN AL H A e Ok 27 > BE &
Jiik, VLSS oy MR ARe A A5 B A TR AE
2], B ST IR 1) BE A, e Sl 5 IR A
b, FAE I T7AF 3] 7T Z KA.

FAEF 2 INIELE N GR 8 R AT N B R 24 1
B 03 3 RAT 55 R 2147 NRHE, S8 ) s dn i 1
T4 DL ) 3 5 B R ) BURFAE. Sun S50 AR
P NARSE R SR 560 50, 7638 B 7] L XRAAE B 2
SorHe, R GRS DX R R AE . B — L
J7VER AN )V SUE S, ) i B G B R 4
GRS, EAAT NHBAAERAL. Su S0 A5 B S5 R
For A5 A ) N AR X 380E £ BT H— A JE, PFZERK
BB AR A2 4 N . Sarfraz 250 44T N 14
AN B PR A7 B W) 7 ] R JE ] — e i N B I %
Wi AR 4% B B S %) 55, Kalayeh 2509 78 LIP
(Look into person)!"™ #dfa 4l b Il 2 A AR AT 155 2
SRITM 4 A NARFBALANT 5, SRS FERMIE B B2
X LG H AL RFAE.

AR AT N AT Be B A AL AU, T [R] —
MTNEANF IR FAAERRZ R, A NE RS
M) FE TGV AT IERR UL . A7 AN @k, ]
R EHE A CRAKES, A8 FERIENER,
ATRAAT NE R SR B B R IR
F 1, Layne & FLARE T 15 FiifE SR MR
AT, BFEVER IR, SRR, JF
S &AL (Support vector machine, SVM)
WML Y K, e 5IRERER & 15347 A
B R AR R IR . BEAE R 2 M,
Zhu FFMTLE — NG R 28 W 25 vp [ I TR 2 A 8
%, /£ PETA (Pedestrian attribute)® Z#z4E -1
J& RN PR RE ] AR TR T SVM 77 . Schu-
mann 5% SGfE PETA #dlg Bl ZRJE M oms A,
IR JEAEAT N R AR Y o R i A2 0 ) &5 2R, A

13I8 T] DL o) 31 5 g M B AME L. 1070 T
IR AN W 2%, Toid: 7870 ) & PER B0 2 3 b5 %5
FEUT NE R ERE LK. Lin & fE47 N H
WU EHE B DukeMTMC-reIDP #1 Market1501""
EFRE TAT NEHE, JEERH APR (Attribute-per-
son recognition) 158 SEILAT A 1 A& 14 1 )
(R Z2AE 555 2], R a8 1 TN £ &35 SN 4 Jm e Ak
— A TAT NERRMESS. 1% 77548 e 1 1 Ftil
S, BIRIE R RN, g T NE R 51\
. Tay ™ $2H 7 AANet (Attribute attention
network), AT N J& VA 11 1) 0 X I8 R B R R
I3 R 4% TR R AR RAT N R ), 1531 1 AT
Mk R aE R, LRIk RS T B ik, 2ng T
BEAN I P g B Ry R A AN TR ).

BEXS AL i) @, ASCER W T R E R YRR AT
NERBITTE, FETAEMT: 1) BT NE R A
JEE A VR ) B B B 43 S8 X 2 v gk 47 i 381 i 1Y) 5 2
2) AT hkN BB R AT N FE R, A
FAOE A A BRI R A 25 3) B 3G L3t A Bt By T
BN EVERIBCE, JR” BT J& R A DUIIASUR AT
TR AR, 5S2RRE AT NERAME
% . 1£ DukeMTMC-relD F1 Market-1501 Z#E4E |
S5 45 R ] T AR SOT R A R
2 RLEBRMIFMERNITAEZIRAIRR

1 ARSI 2% S5 K 1] B2 520 Ty SR U]
FORER £ P2, J5 280 S 36, JE
PN @ PR AE R & =00 3. B 73 2K 00 SCWAT
N2 R R AE HEAT £ 0 B T30 5 J 1R 0 3 S R
AT NS A&V JRIERERL& 70 38 e L
XN 1 7 2O J& MR AE AR AN, 45 2R 5 5 18
PERHIE, SRJGXHZARFAEREAT S 03 TI0I.
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Fig.1  Schematic diagram of network structure
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fiE. ResNet-50 G5 1 EHEMZ (convl) Al 4 45k
ZERIHL (conv2 ~convh), MAMRERRAE Z EH
FUZ B AL E AL 2 A0 e M B U 0 B (Recti-
fied linear units, ReLU). 3C#ik [26] $2H £ M HHK
PEARE B HES —E2 2I ), R E SR b
PR L3 AP L A S BORR D7 18], AT S0 BT A
22 A T RS T4, 7£ ResNet-
50 (A58 4 MEEE conva JG¥4 48 53 AN 73 3L, O
A SIAT NI A JR R AR AT 8 PR AE, BP9 3
convb BRI SHOA L. MEHE SR [13], A E R
TP S convd BEH PR REERAE, LUK N
FRAE BB K/ =& RRAE R RE . K K/ R 256 %
128 B & B N 25 B, T LA convh AR E 4
RN A 16 x 8 FRIHFAE .

WS ={(z1,y1,a1) ", (Tn,Yn, an)} AINZEL
P, Hrbn 2B HIKE, o R 5KE v,
yi € {1,2,-- N} IR ZE R I S br%s, N 2l
SHERRIT AL, a — [l a2, - ,aM] € RM 75
XK E A B RS, MO RPN, 35T Duke-
MTMC-reID I Market-1501 454, M 435 2
10 #1112, ol € {1,2,---,C7} XK A 5 5 A
JRYERIbRRE, €7 FRIRER j AN RYERI A il 1
Fis, T (z,y,a) € S, ¥E = FANEINZE, 1]
L5 B BT 15 T 2 6 S HTRHAE R T € RAxo
FURPERA HRFER A € RP<wxd

EUPIES

XTSRRI T e R wxd 5 FH 4 Ry 13503
1t (Global average pooling, GAP) X} I 4bEE13 2I/KF
fif z € R, Bl J5 18 423 # (Fully connected,
FC) JZ. It EIEAZ N ReLU B bR BUN FFAE 2
HATREYE, 1922 RFFIE g € RY. YIZRIS XAPRHIE g 1
F A 42 2 Softmax WU BR 4043 24T N 5 4 (1)
Iy IREE IR, B Al FHAS SUR 2% R B E Dy B A R £
T B NGRS S I 400 B R 1) R, %o B A A RS ik
1T FI#AE (Label smoothing, LS)*, LS &4r 1T
By 1RO A R DTV AR I R D

2.2

p9 = softmax (W(id)g + b(id)) (1)
1 N-1
(d) _ TN & =y (2)
(3 i i #
N’ t7FY
N . .
Liq = — Zpﬁld)lnﬁ?d) (3)

i=1
S, N OB FAMAE, W0 € RV i
09 € RN 4 1 A 5 S O 25

p e RN At A7 N S e B aE 2. =0 (2)
FORX GRS y BEAT LS #1E, & — M EUEE D
MHESHL, SCH e = 0.1, Lig AME IS 2450k
BMHIR A

FEJRAE R 73 3, 5 5 43 82840, B H
GAP X @ MR B A € RP>wxd Jh L 15 B R AE
feRY RIGMH M 24 EENRHE £ 3174
B, B3 M A BYEREE (R R2, - RMY. X T4
—NEHERE hY e RV, AR E N Softmax
T R H15 B R B 4 8 R, B 1 R RS X
JRRAE N H bR ek B AR R A T

2.3

p* = softmax (thk + bk) (4)
k _ ]-7 ] = ak
p] - { O, ]?é ak (5)
Ck:
Ly =— prlnﬁ? (6)
j=1

KEFEE kANEYE, CFRORERIZERAE, W e RO
R bk € RO™ 43 5l A 3o 37 () 4 T2 4% J2 (10 A5 o 4 o
iz, pF e RO NI R, L, A5
k AR PER) 73 R4k

1T & PR SR IR AS LU B A4, I HoA
T PRAR KB ) B REALE I R BT o RO, X T
A JEVEAE AL £ Ridi % (Focal loss) BRI, T
U ) P R R B R

Ck
1 1 k7Y  k1.k
Lk:_EZJ(l_pj) pjlnpj (7)
j=1 "J
M
Latt = ZLk (8)
k=1

b, wh 5 kA RYERIZESR] AR NZREE T P )
L, v > O EARIIZRSE SQUE T 5 TR IUREAR, 3C
Ty =2, L NEKEMESIE.

BMFHERRL S

AR SR ELRE N PR TR S5 2R, 2 J P T A
RN, ARA 5247 NEARBAE S 51 N R
RFALE ) 3 S0 e P AR . PR AR AL B 5QE T4T
NER B RAS X3k, BRI AT BLR & B A e 1 R R
AN JRRHIE AN TS, EARAVE R R SRR M A
JEVERFE (R, R, MY DR N BH 45 75 3t
TR, (RN TR B Fr, AR R P A 2
ANTRI Y, R ] Bt A Ja A 2 BE AT 7] AR R
AT RE R PRRR MRS B R mAb. Ak, X+
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BEGR I, W28 R 2 [ I S AR R S X B )
R, F RN & PR E. BT x5 T By
z FREMRHEf e RY, HAMH - E2EEEM
Sigmoid i BR B B0 N TR & PR AU,
HARFRIR N

w = sigmoid (W(Weight)f + b(weight)) (9)

Horr, wveigh) ¢ RMxd Jj| plweight) ¢ RM 73 51| R
S VEEZE BIRCE B A 22 ) &, 15 30 R AL E
B w = [wy,wa, - ,wa], w; € (0,1). RGN
AN TEPERHE LIBGR AT 77 2, B by, = STor | wihF,
BRNFh -G )5 0@ AR AE Ry, € RY. B 5 BAZGAN s
(1) 75 XS RFAE by BEATAT NI S 025, Bk 5 b
AR5 FEIS FEA ], A6 451822 F Softmax iE
BRI E 1 B oy P2 S pllocad) | iy 5 AR B 43 s 2548
WA LS A8 MR R B E AR AL H AR, 15 245
KB Liocar - VRN Ligear 7T PA M B & PR AL A&
MAFIERI A AR, Lioeal RANN

N
Llocal = - Zpgid) lnﬁglocal) (10)
=1
Horp, pUOat (2) M IREIHT LS B BRI,
AR R ML A R R S S R A £
B KR A B B, BRRRA
L= Lid + aLlocal + 6Latt (11)

Horp, o F1 8 5P = AR ROBUE R . T,
2 JRHHIE g MRS 5 R YEAFAE b, FHELS RAT
NEHIHRHE e = [g; hy] € R?Y, R R5ZIE &
FRFIEE M, HE e 15 B R 4R,

3 SRRSO

AT S B T AT N B IR ) Y IR B AR
DukeMTMC-relD fil Market-1501 #E47VEM, 5
PCB-RPP (Part-based convolutional baseline and
refined part pooling). PDC (Pose-driven deep
convolutional)s ACRN (Attribute-complementary
re-id net) FFHH IR ITVEREAT TR, fEH Pytorch AE
SRS R B W 2%, BT RN TN 256 % 128 1R
B, AU FH 7K BE B e AR D i 1 5 i 5 3% I
SR Adam PRALAS SRR EE, BT46 572 > RN
0.0003, weight _decay 4 0.0005. batch size &N
32, A% 60 4 epoch, FEFE 20 4 epoch, Fr
SR 2 S R ENZ R 0.1 £%. /£ ImageNet™
BTN ZR S HOoN M 48 R 4R 4K, FERT 10 4> epoch
, f F ImageNet VI IS ERFEAZL, (B
BENLRIGE I S 5. R 4E 2 5 RRFIE4E R D 512, B
v =>512.

3.1 RS

DukeMTMC-relD %4 %A 1404 M7 AN,
SRR 16522 5KIE A8 702 MT N, 4R
17661 5K & 65 575 41 702 AT AFT 408 AT
TN, AAME 2228 R R E MR R AT N B
Lin 522 X 2 (BT AFRE T 23 NEE,
RIAEH T A MEN, R 8 AN AR FE ) & 1
TER 1A RAIEUE 8 ME T, RIFER 7 AN A B
WIEVEAE R 1A EBEGR 7 ENE, S5 13 10
A JEE.

Market-1501 ##E 3L A 1501 MT A, 73l
Yx4E 12936 5k B8 751 MT N, MHEREE 19 732
sk B RS 750 MT N, HAMEA 3368 ikE A E
IR R BT N . Lin 2522 5 B 48 b 4
ITAFRET 27 NEtE, AR SCEH 7 ArA s, X
EARBEA R REECR I ER A AT, RER
12 4N EE

XFTAT NE RTS8 b v B VE Al FE A
SEERE BEME (Mean average precision, mAP) Al
RUFULECRF M (Cumulative match characteristic,
CMC) k. X T @M iRAMTE S, A SO g i
50 FH 4 R UER 2R AT VAN, RIS OHE T BT A R 1)
PR RAER R

3.2 SHEMFEMELE

# 1 RALAE DukeMTMC-relD #1 Market-
1501 Hdfi 4k B 5 AT A R HL . PCB-RPP
SR B3 5] o e, R AT N B A 3 55 (K
&, T HKA LB ST PDC M PSE (Pose-
sensitive embedding) F| FH &l &k i) 2 25 Al vH AL AL
SPReID (Semantic parsing for re-identification)
HI ARSI NAR SRR, SR8 AL AT NI EB AL,
AT H T AN R b 2w e ST, ISR R E

K1 HHEXINENHERELE (%)
Table 1

Performance comparison with

related methods (%)

DukeMTMC-reID Market-1501

Tk

mAP Rank-1 mAP Rank-1
PCB-RPP™ 69.2 83.3 81.6 93.8
PDCM — — 63.4 84.4
PSE™" 62.0 79.8 69.0 87.7
SPRelD!" 71.0 84.4 81.3 92.5
ACRN® 52.0 72.6 62.6 83.6
APR® 55.6 73.9 66.9 87.0
AANet-50% 72.6 86.4 82.5 93.9
AR 74.2 87.1 83.5 93.6
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AR RLAEAT N A g AR 25 5 NME 5 | I
ST NEARBIRISE R, £ 1 RN 3 Fhosik
I JE T A 25 5 B AT N EL R, ACRN 78 & 504
£ PETA BIIZRE M IRAIEAL APR F1 AANet-
50 A H AT NEIRFIAB MR Z Bk R, B
FEASFH [R] — A~ 9 28 R B AT 55 B RHAE. B4, &
T G S P R SRRy, 2% T & AN B PERHAT A4
AP EZEMREAFM. EHE T U EREE, A3
) 77 4E DukeMTMC-reID ., mAP fl Rank-1
153 LR T 74.2% A1 87.1%, #8id T AANet-50
M2 R 1.6% 1 0.7%, & Market-1501 I, mAP {H
it AANet-50 1.0%, Rank-1 {8 F&{% 0.3%, 7 It
BATHIITIZEX mAP 205K, 7 HAH T AANet-
50 f§1 Ff CAM (Class activation maps)®™ & {7 J& 1t
PO X33, A S T 3 N B

RXFEDH

% 2 J& DukeMTMC-relD _F A AN [] 45 2% bR
AR RER, HH Lg 23T 22560
SR B 2 Al DB N HERL AL, Lig + BLay
T 5 o3 R B PR R 2 AL 5522 ST 4 Lig+
aLiocal + BLay TETE ZAT S5 W25 FI AL L, NN T %
JEMERFAE AT B A B BT 5%, B AR S P 1) X 5.
2% 2 W LLS DL R 4546 FEAERI RIS 3] T il
&R, mAP Ml Rank-1 {52 153 70.5%
84.1%; ZAT55 M 2% LI ERL AL /E m AP AT Rank-1
18 _E 2 B 0.6% A1 1.7%, 15 B I 1) g 12 1R 5]
XAT N ARG S 72 /E R, I 26 ANl 22
IERTRIAT NI 5 4y, 38 75 B S g 1, M
MmNz AvEae; A JEERHER, mAP
Al Rank-1 {8 70 At — 28w 3.1% A1 1.3%, Ui #
RlEr () J8 PR AIE T DAAN 78 4 SR RFAE , BT T R
BB HBSIHRE. HAN, Lis + aLiea + BLE, 165
B33 250 JB MR B RUSZ 28 T convh FEERL S H 3t
EREE R, AT AR, mAP il Rank-1 {8
A3 B 1.2% F1 1.1%, i B3I 9 NME 45 7E R BUR:
TERT E AR EIHATERMFE, S5 2B 15 W

3.3

LRI AE T2, 5350 28 TR RISk & m AR i
AR SCAT ) 28 25 98 1 @ PR AT N E R
F-HE, FF LA E &N 77 R B PRI, A&
IR TAT NIR R S5 R, Lig (no LS) J2& 78 FE i p
RIS 5 S bR 2SR LS IR E 45 R, A
FE R fERE AL mAP 1 Rank-1 18 20 5[4 3.7% #11
0.8%, 7T WL LS #AEA RAETh TR 1 BE.

& 3 RN B R A F R A 7 R b
BB TA B ER I, EEEGIANBIE — X
W% rp 5 4 R R AR A, SHFAE g = [g; S pe, h¥]
175 o028, A BEAT AN MBS % ikid
varl. 7& varl FJSERE b, X FTE 8 HERHIE DL B & B
IBCR A 75 AT B G, A & B AR I, /P
g=1[g;hs] =g; 22/121 wih*], ETEIRN var2.
3 ML S ARSI, X A2 AR R 1 77 5
ANTRD, N2 SR B A B A et L T AN J& P A R
10N vard, BARWR: K58 — S W 4 R I 4 R REE
z € ROME NN, {8 4822 Al Sigmoid B0 B8
B E w . B3R 3 ATAN, var2 AL varl, mAP
1 Rank-1 185 A4 5 0.9% 1 1.1%, 7 W H &N
e BREA S PR T AN F B 2 AR 1, X T8
ik B R, WA CLE SRS A @ BB 3R
I 45 AR T var2, mAP 1 Rank-1 185 # &
= 1.7% 1 1.4%, Ut BT RG J5 10 @ P R Ak 2E AT 40
AN G FAT S AT LAk — DR T v Re, EEA W
ANE R 1) BT DA PEREAE A& A EE A B ) M
BER; 2) HTFBRAMANEE — LML d, MiiA
ST ARRHE R 2 2] BATW T IEAH T var3,
mAP 1 Rank-1 15737425 0.1% H1 0.8%, 1B
o 1 D A B A RO L X R R AT R AL )
TERT DA B AF g5 1. HANNE S L, K
PEEIREAEAE SN B H 6 TN 8 P AR,
X b7 2t B N A

£ 3B AT RN R EAH G, 77
S 4 R RRAE g FJE R A R AE by, AT RS R I
SRR A g MRS, mAP {64 72.4%, Rank-
115N 86.1%, RAEH hy, MRS, mAP 1 Rank-1

® 3 A FSALEL A T AP RELLER (%)
* 2 fHERRFIR R ERE LR (%) Table 3  Performance comparison using different
Table 2 Performance comparison using different feature fusion methods (%)

loss functions (%) Sk A AP Rank.1

ERE TSR mAP Rank-1 varl 1024 71.6 84.6

Lig 70.5 84.1 var2 1024 72.5 85.7

Lig + BLay 71.1 85.8 var3 1024 74.1 86.3

Lig + &Lioca + BLag 74.2 87.1 P S'e 1024 74.2 87.1

Lig 4+ aLiea + 8L, 73.0 86.0 FHIE g 512 72.4 86.1

Lig (o LS) 66.8 83.3 FEAE Ry, 512 71.8 85.1
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H 5 9N 71.8% F1 85.1%, W& ¥HEIL T kAR 7Y
HIgE 3. T g 1 by, FE GRS, mAP A1 Rank-
1 5ER T 74.2% M1 87.1%, W W4 R4S EA &
PERFAEAR ELANTE, AT AT N HEAT 58 A TH A

34 MESHRE

K 2 Z1E DukeMTMC-reID % 5% B A H
Mo fpFRIMER, H2(a) F18=02, B 2(b)
HFa=05. HE 2(a) ATEL, X &M A e T
ZaF I O E, AR ABEIK, a8 0.5
BF, AT DA B B ) 45 R EBI%] 2(b) Ar%n, 4 3 HL
B PR /I, S5 50 Frdt s, R T A2 g i
WU I HERR A, ¥ B E)Zy'j 0.2. TERTA LI, X a
A B AT s

% --—- mAP —— Rank-1
90 90

% ---- mAP —— Rank-1

._./“‘—0—0
B M 85
5
& 80 ﬂé 80
=
I S % 75 e e e .
ol . .
0.1 03 05 0.7 1.0 1.5

70
0.05 0.10 0.20 0.30 0.40 0.50
1<)

(b) 2% 5
(b) Parameter 8

K2 BWEAFRKR B REsR
Fig.2  Results setting different « and f3

(a) 24 a

(a) Parameter «

3.5 AL aH
K 3 2R g 2 )G, 1 Grad-CAM

(Gradient-weighted class activation mapping)?"
BB & B AT S R, 10 DN E PRI N
gender, hat, boots, length of upper-body clothing,
backpack, handbag, bag, color of shoes, color of
upper-body clothing, color of lower-body clothing.
AT S IR J7 B 27 W 28 A2 B0 N 1 )
PERRLE. |52 DukeMTMC-relD #2%  H ¥ —ik
B, U7 BB 2 s R SR by, KR R ER
1 gk E Ry, DL IERA, BEX Pk & & TR — M7 A

. .I'
{ i
o &

0.2880 0.4770 0.4627 0.4437 0.4627 0.4876 0.4330 0.3825 0.1157 0.1041

S
2 =
= £

0.2886 0.4928 0.4775 0.4562 0.4766 0.5060 0.4481 0.3889 0.1144 0.1028

B3 SANEE R AT R A, SRt R AN BB
Fig.3  Visualization result and corresponding weight
value of each attribute
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Fig.4 Images retrieved by different features
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# 4  DukeMTMC-relD JEMHIRBIFIHERZR (%)
Table 4  Accuracy of attribute recognition on DukeMTMC-reID (%)
Tk gender hat boots Lup b.pack h.bag bag c.shoes c.up c.low SPHE
APR™ 84.2 87.6 87.5 88.4 75.8 93.4 82.9 89.7 74.2 69.9 83.4
B2 85.94 89.75 89.92 88.64 84.35 93.61 83.06 90.70 74.62 66.81 84.74
AL 86.07 90.74 89.72 88.78 84.47 93.28 82.04 91.79 75.53 68.14 85.06
# 5  Market-1501 L@ MR AIHER SR (%)
Table 5  Accuracy of attribute recognition on Market-1501 (%)
Jiik gender age hair Lslv Llow s.clth b.pack h.bag bag hat c.up c.low FME
APR* 88.9 88.6 84.4 93.6 93.7 92.8 84.9 90.4 76.4 97.1 74.0 73.8 86.6
AANet-50% 92.31 88.21 86.58 94.45 94.24 94.83 87.77 89.61 79.72 98.01 77.08 70.81 87.80
B2 93.05 85.82 88.97 93.56 94.18 94.53 88.80 88.08 79.24 98.28 74.95 68.64 87.34
ViN'a 93.69 86.16 89.00 94.11 94.80 94.81 89.33 88.68 79.03 98.33 76.52 70.68 87.93
3 Liao S C, Hu Y, Zhu X Y, Li S Z. Person re-identification by
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