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An attention-based unsupervised approach to pedestrianre-identification
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Abstract: Pedestrian re-identification is used to retrieve and recognize the same pedestrian in the non-overlapping fields
of cross-camera. Aiming at the feature differences between different fields of cross-camera and the pseudo-label noise
generated in the clustering stage, this paper proposes an attention-based unsupervised pedestrian re-identification
method. In the feature extraction stage, an adaptive graph channel-spatial attention module (AGCBAM) is proposed,
which considers both channel and spatial dimensions, adapts to cross-camera feature distribution by adaptively adjusting
channel weights, and pays attention to specific spatial location features to capture details. In training stage, an
improved intra-class neighbor spatial attention module is proposed, which combines label smoothing and spatial-level
connections of positive instances to better remove pseudo-label noise and enable the model to better learn the real
distribution of data. Through experiments on two mainstream datasets, Market-1501 and MSMT17, some existing
common algorithms are compared, and the accuracy of mAP and Rank-1 is improved, which verifies the effectiveness
of the proposed method.
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adaptation, UDA) Fl4li J& W5 B 2% 2] (unsupervised learning,
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2 1 (density-based spatial clustering of applications with
noise, DBSCAN) 1§ K #J{H % 25 /4 ¥ (K-means clustering
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SR BT AT FRAE I PO AR 4 . IR 2 35 38 o S 191308 95 ok o
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Fig. 1

1.2 BENBE-ZEEENER

SR FAE ImageNet™™ | I 25 14, M BE F11 R 2% 22
F 75 1 #B 22 B A0 ResNet50 4 2 35 1 4 5 2% 12 U4
fiE, 345t layerd ZJS 1Y TG 2, 76 H 38 N7 3 H -5 6] 13 28 )
B (AGCBAM) J5 B3 in — A Bt 4L 2 L — A4t 10— 1k
B —A 12 H AR RLARAS 2 048 4ERYHRAE .,

Shy T [ O 204 A5 A B b 1 o S ARAIL AR B AR AL IR AR
Ak S5 R 19 52, AE 1 3 R R T T R ) B Cadaptive
graph channel attention module, AGCAM)"™™ FI 45 f1 He 7%
o f1 M Bt ( convolutional block attention module,
LBAM)W’JJ@E&HL & — T G 3 R I T - ) 3
IR AGCBAM., XA [l SRR AR 53 A F 38 17 i 58 30 3 AL
o [F) I DG AR S A B YRR AR AR 40T 5 B . &5 i
W 2 JER Iz B 43 S 38 T8 R 23 (8] 5 58 43, i A CRRAE 1B
F, %t % i AGCAM, P % 3 25 8] i & J1 85 3 (spatial
attention module, SAM) ,

/AGCAM\ _/AM\..

K 2 AGCBAM %5#
Fig. 2 Structure of AGCBAM

AGCBAM i P 5p 2 B A0 38 DI A~ S P ik A o B2
TG RRAE e 55 2 DA R 3R BURR AR F 3 P A 1Y B IS
R & AR B (adaptive graph convolutional module,
AGCM) , HECE R A A (D FoR 25 s 3 Fis .

B TR AT A EPUN BT S AE 2

Framework attention-based pedestrian re-identification

F. = F, « sigmoid (F"(ReLU(AGCM (F’ (GAP (x)) ,
M)))) o)
—| 2% % | [— NIl
R AGCM N
A
P Conv | * I
(I:WXH CxWxH CxWxH
K3 AGCAM %5ty

Fig.3 Structure of AGCAM

Hoei, F/C¢o) M E"CO) AMA LM A REGM,
TREZHXERMAZEEE;X = F(GAP(x) £
AGCM WA,

AGCM W25 E 4 iR S A FRIE LS £, 253 A
T S SF- 35 b A A U2 A B R R M, 5 25 A T E R R
P E M, DL AR50 B M, 8 B B AR 4256 [ M, L 3
WHE £ MR, 3T 8 B2 BN oA EUS S S RR A g
oo XTI FRWEREX MK QO PrR.

fo=W.(f, (M, XM, +M,) (2

M, = T (softmax (W_(f,))) (3)

Ho, W h—% BB ENNE, T I3 MAHH . M,
R R AL ARG AL P A B AT B A R AR DS Z R E R
A TE R A

AGCAM #ii B IR F o AE R 2 MR T A
22 SAM HEAT I 38 4 TR 4, B F o 7638 38 4k B & 20 ) 3k
171 357 1t Ak 0 05 R Tt AL 38 A B AR B A H X W X1 R
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Fig. 4 Structure of AGCM

N ARAEEAT BN 0 Sigmoid TG PR A0S B — A4~ 25 A
HEIITE Ms(Fa0) s HAG Fae 5 Ms(F o) A3
SRR R B F,, X — it R i Ber Rk L =X (4O B
RSG5 TR .

F, = Ms(F ) X Fue = o(f""([MaxPool (F,:));
AvgPool (F 4c)) X F ¢ (4)

Hop, o 2 Sigmoid WG BRE: 77— 7TXT B
MaxPool R KAl ; AvgPool F Al s F oo AT
AGCAM 435 i 4528

Conv

Layer
AGCAM
s || —— — O— e
fiEE FEEF,
Fac

[MaxPool, AvgPool]

5 SAM £5fy
Fig.5 Structure of SAM

1.3 HEMERNPBEZTEEES

ZERRG B B AR, BAE— ID AR
S A £ BB B T SCRRAE 23 A7 AR WD 25 L Rt A AR TR
bR 0 BT A LE S b S A T b Fe AR R T LA RO
g — S 4R L T 5 A Y RRALE A5 S o 0 T R0 O A 45 IR T
SRR RSB, A, Hy T AN 5] 4 O s 28 W A 3
J5 15 BT 2% PR TR RN [ N [ 5 ik Z IR fE A HAME .
Ut 32 5 He %178 S 84S 92 (51 B2 AL 4h 7545 8 07 i T4k
W) & . 78 LT 4 1y 28 P 48 3 28 8] ) (intra-class
neighbor-based spatial attention, INSA) [#) & &l I, A& 3CH]
KRBT W R SR A B D b 48 R AT R S M R I S BR
TRAEAR -1 5 1 Dh A B S IS SR 48 R I g AL L 3248 1E 58
1 2 () 7 2 R 3RS TE M AL I bR 2, 3 45, Tl 3
AR 18 SR W T 4 i A e T bR A MR R, R Y 2
PRI ZS (B B B
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Hf, y,. N one-hot Zmf e XM 3 T R Ik Bl
PFR%E; « € [0,0. 1] R FWEF K R BB,

B AL BB BN S R p, AT IR B AR I 5T
BIREAE g, 5 P AE R AE 0 9 A RO R AE MR 3, 3157 3
A= ) R,

P =q.M 6)
SRIG S THR AW ST g, X0 o0 5, . B 9 ST R
AEXT L B AR ¢, 5 NP AAAE B BT A OO R AR MR
T, MR (DR,

Py =c,M 7
FRTHR RS E 0 S0 B AME B S, B IE 52 ) BOAR O
RTINS FR (N, N b 2589 — 24 1F 5241
P

Su - % (8)
Y L Pubs
pN,

WE BT EATAMER S, . Ak 2 Bk B 25 i
s v, . WA P,

Yo =B Q=2 Sp. (9
Ho, poe L0210 A il 1 00 A &k 21 1) Dh 3 28 -5 100
EaZI LHIRES R,

i b3 TE A T B IE 52 2 () ) S ) i R AT
S HL AN AT RO B Dl b 25 R A ) 4 A 2 B i o
I BN R LR 0552 10 i o0 A1 DL BCRRAE R

2 FAEWIE

2.1 HE\ERTMIER

SR I T WA LR BB Y SR SR T R
Bl Market-1501""" \ MSMT17", 45 56 %4 41 45 4 4H 56 38
£ 1 i,

%1 Market-1501 1 MSMT17
Table 1 Market-150 and MSMT17
w1k KR/
dhE 4 N ID  UI%4E WiE
M4 [
Market-1501 6 32688 1501 12936 19732
MSMT17 15 126441 4101 32621 93820

KO- 29 45 B (mAP) F1 2 FLIT E RE AR (CMC)HP
Rank-1(R1) ,Rank-5(R5) \Rank-10(R10) 3 FEHr A 3¢ fr 42
A G W R R 2 e RE . H R, mAP BB AR
= Q0 Fr7R srank-n A ITA EWMER ¢ BESQ . HI »



WEA F. —HATEZAVABEAATRANFT &

%10 4

A5 B i BVC S OE B A R, g R kLt aD
FiR .
1 1 %k
mAP = 52@ N 2 Ao (10)
H, N(@) AR5 A ES g HEHE R R
B, A( RIS EMEG ¢ 5 L TR CE R 1
MR .

Rank-i =

Sx,
N

HA N IR S, o, NTEDRE N R
TR, 28 R A5 R BT & 2R HES ARG A B
VERCIEHIN R 1, )20 0,
2.2 XWIRE

ST T PyTorch S2BL, Y 2R fdi 1] 3 Bt NVIDIA A800
GPU. M H 1 Pt GPU, 7ERIEH B . {# F§ DBSCAN 44
TR DA BUONARZE W A% 0 s 1 S5 /NSRS s B R 4
HR4E STDA™ ¥4 Market-1501 #f 7% 2 [ (14 FH B9 1 (i 1% &
0.6, MSMT17 # B4 0.7, ¥4 4 A K48 KN,
Market-1501 iy 256 X128, MSMT17 3} 384 X128, 7EYIZ:
W Bt o ffF FH B AL 7K SF- 80 9 L 3 3 4% 2R B BIL R B R B ML 4
Bk, batchsize &y 256, 16 4~fh ID A4~ 1D 19 16 A&
B, 1 Adam PEAE#S, Y%k 50 4~ epoch.
2.3 FHiExttk

AT OB UE A SO B 32 Ak PE . Market-1501 F
MSMT17 ¥ 4 _E b7 00 B T 3 7 ik ) S e 45 R 5 i
JUARH FI I T8 WB AT N RN O ik A7 % b, X H 4 41
W 2 i i R ERR, =" ERFL &S
ZIgE R R ELE Market-1501 #0354 I Rank-1 ik
T 93.5%, Rank-5 5 8] T 97.6%, Rank-10 35 3| T
98.5% . mAP IKH| T 84.5% ;¥ MSMT17 %#i 4 1= Rank-
13587 64.5% . Rank-5 58] T 75. 6% , Rank-10 35 F| T

an

79.8% . mAP kF| T 36.9% . HiL HAFRM—LER K
AR AR SO ERAE 2 A 2 A0S 4 1 i R sk SR AR A
S BA G HR R DA A T A SC T 4R O VR R B A O FE A I Rk
AT NFRAE B B I0E R0 T BR O bR 2 e, o, SfE IR 26
By B3 5 RS 1 R 43 S R 2 3R A I v (5 A L YR =
JRHL 2k HCT™ M b, 7R 3C 78 8 AF 4 B 51 A
AGCBAM FH1EIIZ: B BE 51 ABCHE I INSA 317 P b5 25 1
175 7F Market-1501 Z(4i € [0 mAP 818 T 27. 6%,
Rank-1 #8755 T 13. 5% ; 5 20t Ul 2k B B 9 77 5 4F T 97 3R
WA B RIS R P e ] 3 2 AR Ak e Bl AR 28 1 RLCCHY
JHTR]— 3 B 97357 N A7 45 AE 1Y ClusterContrast™! 152 I P 77
B I kA %o e 5 26 9 RETM O [, AR SCRT 4R 7 1216
Market-1501 30484 i mAP /> 388 T 6.8%.1.5%
A 1.5%, Rank-1 43 A $E & T 2. 7%.0. 6% F1 0. 7% ; 7£
MSMTL17 £t £ B mAP 2 1428 17 9%.3.9% H
4.1% ,Rank-1 235328 T 8% .2. 5% Ml 7. 4% ; 5 s gk
LW BN TR AE (07 EE AR LG L B 53R 4 T A 4R AE i 0 L 2
> SpCLI” ) Jay 350 45 AiE 0 4 J=h 45 iF Sk 398 47 O A 25 65 41
1k B PPLR™ Al 4x J&y 56 Z B0 % b 2% > 7 % GRACLP M
Fo# A SCHT 4 05 B 7E Market-1501 404 4 9 mAP 43
BIBRE T 11.4% 3% 1 0. 8% ,Rank-1 43 4R & T 5. 4% .
0. 7% 0. 3% s 4 MSMT17 B4E4E E i mAP 5185 T
17.8%.5. 5% M 2. 3% ,Rank-1 23 H42 75 T 22.2%.3.4%
0. 5% ; SN Hr Be Al b bR 28 09 7 A H L B S5 5] A
2 N AR T 2 8] VE  (INSAD B3 DL K2 28 18] ) 3] 11 B 285 04 2
(ASTA)#EHL ) STDAM Y FIELA [ 3 17 3 48 5 W& 14 1l 25 1)
% FUREID™ A o4, 28 30 Bf #2 7 1 78 Market-1501 $0HE
£ I mAP B E T 1. 8% M 2. 8% . Rank-1 43 Bl #2155
T 0.4%F10.8% ; /£ MSMTL17 ¥4 45 I B9 mAP 43 5 #2
BT 5.1% M 10.7%, Rank-1 20 B4R & T 1.9%
A 11.9%.,

®2 5EAMEREMTAERMNGTEE

Table 2 Comparative experimental results with unsupervised pedestrian re-identification approachs

. Market-1501 MSMT17

ik mAP R1 R5 R10 mAP R1 R5 R10

HCT™ CVPR'20 56. 9 80. 0 91. 6 95. 2 — — — —
SpCL™ NeurIPS'20 73.1 88. 1 95.1 97.0 19.1 42.3 55. 6 61.2
RLCC™ CVPR'21 77.7 90. 8 96. 3 97.5 27.9 56.5 68. 4 73.1
PPLR"™ CVPR'22 81.5 92.8 97. 1 98.1 31.4 61.1 73.4 77.8
GRACL™' TCSVT'22 83.7 93.2 97.6 98. 6 34. 6 64.0 75.2 79.3
ClusterContrast"™” ACCV'22 83.0 92.9 97. 2 98.0 33.0 62.0 71. 8 76.7
RETM™" TIP'23 83.0 92. 8 97. 4 98. 3 32. 8 57.1 70.0 74.9
STDA™" TITS 23 82.7 93.1 97.3 98. 4 31.8 62. 6 73.4 77.5
FUREID*"! Pattern Recognite’'24  81.7 92.7 97. 2 98.9 26. 2 52. 6 64.1 68. 6
A3 84.5 93.5 97.6 98.5 36.9 64.5 75.6 79.8
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T B UEA SCHR Y AGCBAM LA K Beidt i INSA
RS (19 RO S 7E Market-1501 308848 b 527t 7 I Bl 52 6,
8 S8 % L 2 20 o F B0 25 b g 85 B Y USL 47 A=
PR 5 2 OR B A o BB R 1 v G P A 4G B
T NE RGN SRE S B, LIRS RN 3 PR .

x3 HEhsI

Table 3  Results of ablation experiment

Market-1501

ik mAP R1 R5 R10

Baseline 80. 0 91.0 96.2 97.3
Baseline+AGCBAM 84. 4 93.4 97.6  98.5
Baseline+ B i 7 INSA  84.0 93.1 97.1  98.1
A3 84.5 93.5 97.6  98.5

2)AGCBAM [ R Pk« 38 2 X 3R 3 H1[¥) Baseline +
AGCBAM 45 Baseline %} H., ResNet50 5] A AGCBAM J5 ,
1 Market-1501 I© mAP # 8 T 4.4%, Rank-1 £ 5 T
2.4% U H A9 AGCBAM 1] L 38 I #b 0 3 58 18 A
R 3 A [ AR 1 R AL 43 A [ A 340 18 2R 8 R A 2 ) a7
ERRAE A A SR B R R AT . AN, 7€ Baseline+
ek B INSA Y 3 AR . 2 i 4 ResNet50 o 5] A
AGCBAM 1 CBAM, % 5 45 5%%W, T4 i 19 AGCBAM
£ mAP Fl Rank-1 P4 5148 & T 0.8% 1 0.5%, XF
W, 25 A B 3E N A BRE B ) A ) i 3 g, A5 A R R
B B3 07 AN [ 3 A R AR 43 A T G %) OG0 T A X

%5 AGCBAM 5 CBAM M3tk
Table 5 Comparative experimental results with
AGCBAM and CBAM

DB INSA 194 20t 8 3T % 3% 3 'Y Baseline
+ B H#E) INSA 5 Baseline XJ t, 2 # 1) ISNA 7F Market-
1501 F mAP#£% T 4.0% ,Rank-1 3@ T 2. 1% , KW fr
P& A RO A INSA BT DL R0 BRI 7, Iy 40 Ak bR 25 42
AL SRy 3= 04 1 S B) BAME B . 38 5 63 4 T Baseline
+ B #EAY INSA 5 Baseline+ INSA 8%t H, Bk 19 ISNA
£ Market-1501 |- mAP & 7 0.9%, Rank-1 5 T
0. 8%, F HIUCHE Y INSA Wi A [F] 5K i AH B4 78, o] LA
AR T2 R bR 25 Wk 75 1Y B

R4 INSA 5 R INSA Xttt
Table 4 Comparative experimental results with INSA

and improve INSA
Market-1501

& mAP R1 R5 R10
Baseline+ INSA 83.1 92.3 96.9 97.8
Baseline+ 2t # ) INSA  84.0 93.1 97.1 98.1

Market-1501
mAP RlI R5 RIO
Baseline+ Bt #k #) INSA+CBAM  83.7 93.0 97.3 98.3
Baseline+ 2 # ) INSA+AGCBAM 84.5 93.5 97.6 98.5

Tk

2.5 HRARK

Sy T TN M A A BT 4R L A R Ok A RO A
Market-1501 #4054 [ B L 3L B 2 467 47 A #E 47 7T 40 46 5%
5 YR EE R E 6 Fran. 51514 query BIMER AR EREAL
TEIBCAY FE AT AT N G, A 0 Y EE R A R 45 R 40 i R OR
A Rank-1~Rank-10, KR4 @ HEAR FR 1K RS ) 5 A i) 52
BB R R AR IR, S E R 3= B S 461 5 A i) SE ) B A
AR FRIR . 5 AT AFRIEME e R, HAFE T 6, A AT
YR TP . 7E Baseline J5 32 H B 5 -4 1R 10 1 45
BB 6Ca) iR s WA SCHEE T 3 A H R IR I 4
A N TE 6 (b)) FroR . (R EF 3 5 i T 60 % L L i £ 5 ik AT
VLS - 1l v 488 5 Sk # BE AN ) T 4 o i A7 N 52 fb F
Py VAT S 0L, 2R AR DG B A S 1 B BT LR 3 0 i AT
AR 1Y [R] I, BE A% A7 20 il Mg 75 T30

(a) Baseline

+ 166 -



WES F. —FATEEINORBBEATAETRAN T F

5 10

(b) AX
(b) This paper

K6 & Market-1501 $dls 4 [ 9 i BEAL X LE 52 9 45
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