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Abstract: An unsupervised person re-dentification (RelD) method was proposed to solve the insufficient
representation of person features and the noisy labels generated by the clustering process in the process
of unsupervised RelD, which jointed feature refinement and noise-tolerant comparative learning. Firstly,a
non-local channel refinement module (NCRM) was designed to enrich the unlabeled person representa-
tion by weighted reinforcement of key feature information, which fused the important features of non-lo-
cal channel to capture the discriminative representation between classes of unlabeled data to form more
discriminative feature descriptors. Secondly. generalized mean (GEM) pooling adaptive adjustment pa-
rameters were used to enhance the ability of extract information from different fine-grained regions to
accomplish full expression of characteristics. Then, a noise-tolerant dynamic contrastive equalization

(DCE) loss was designed for unsupervised associated learning to mitigate the negative impact of noisy

% E-mail : fswang(@ahpu. edu. cn
s B3 :2022-06-06  1&1iT HHA :2022-09-17
E&TH  ZRE ARBL3 4 (2108085 MF197, 1708085 MF154) (TR A4 2 F AR B FT A0 H  (KJ2019A0162 ) A6l 4
AR5 g B LR BN S P 4 (DTESD2020B02) 8 T AR K2 [ 5% SRR #2352 THF I H (Xjky2022040)
M B ST AR R A58 151 H (Y]S20210448, YJS20210449) % Bh 35 H



O 7 BROW N AR IR G R AE 20 Ak AT MR R X L 2 ST B T B AT N R . 763

label on the network. Finally, the experimental results on two public datasets verify the effectiveness and

advancement of the proposed method. The mAPreaches 83.1 % and 71.9 % respectively,which is supe-

rior to other advanced methods.

Key words: person re-identification; unsupervised; deep feature network; non-local channel refinement

module (NCRM) ; noise-tolerant comparative learning

0 51 &

VLA SR, TR BE 2 2 1Y R TR A A I B AT A
H i1 5] (person re-identification, RelD) F 3K 15 T
BRI AR S SR g Srh L A B
1) RelD J7 3 AN TR 7 AH AL A B Y 86 A 35K
JF H W 25 1 58 = BE A T A 46 4R b A9 AR AR AR
A RMEAF . P TY 5 T 0 B & 2 BB
RS B T 3l A i 3R OB 46 19 O7 X B 45+ o)
ZCI, MM RelD Jr ik AT E N bR 0 &
15 B B8 DR b iC 19 B ds 4R b 22 2 AT N B iy
(1 25 ) X 5] 28 AiE T2 AR L S sk 2 T O TR B
PR B AR, 7R SE PR b B R SR
W,

Jo M5B RelD J7 i Al LA 43 ok JC Wi B 4 Bk [ 18
i Cunsupervised domain adaptive, UDA) J5 ¥ F
524 6 Wi B (fully-unsupervised, FU) J5 wid o H
t UDA J7 i 75 2 b 19 U8 80808 48 Il 25
T RelD 52 RL, fff H G808 76 R AR ic 19 H pr 8l E 58
R BMERE. 5 UDA kM. FU ik A2
bR 8 L E 2, b o H Pk ik tk. h T
Fo o AR BUE AR EfE B GE 5 R —F A £
XF b 2% > HE 22 (self-paced contrastive learning,
SPCL) il & W A7 8l 45 A= IR Bk 36 2 F s 304
BE R AR 42 B SC ) 0 M BHAE S, T 2 S FRAE SR
NIRSR W POl = 7 NI IR P e i A
e LT R R B 3 R e S TR VAR e S S TN
BT RAFr AR, (02 % M 40 A B K R A TR
s A b I g R BRI T AR S8 bR i b iy &
J& . ZHANG 0 —Fh 3 TR Z R & M &
HE NIRRT W RelD FE kB L W RELE
WABIME B . B0 S H MR &0 & F . aE
1t F g H bR R S 2% B A 0 W S RS ROk R R 2
bR, MG KRR ARG AT AREAR P A
Bhak M il 2k, SE Bl T 28G5 T B
(RS iff A C FUERRAE A AORE BE 7 25 . 5 LR R &
=Wl Rs F A NI Qe s o R LS 7@ A s
IF 45 6 UR B2 FRAE Rl A 0 28 Ok 1) 1 RelD #5208, 3 i
45 G 1 40 BRh I 2% RN 22 )2 TR B R AE Rl ol R
ZEM Rt I G M E., 546
AN BT A R AE B fl & 7 R A, VALEM 461

K X fi R B BT A R AE AT B Xk B RN B S
A RRAE R Tl 2k AN [6] B 3T o AR o g B 2
FEAE 1968 T 45 4 ok 27 2 RO OIS T W3 0 1k e
e, BT IZMERS S T BB RHET R IE
RGN EERR, 5 A THRZH SR
T, A5 B A AE 5 2% 0 SR PR AR b ik =2 — 0 1Y 3R
StE, N TR E e I AR b B AL R PR
77, SRIDHAR %57 $ Hy — Ff L F 15 2 5C BRI (1)
TR B 1 B BB 2% (spatio-temporal association rule
based deep annotation-free clustering, STAR-DAC)
HE 28, ) AL 62 R AE 3BT U0 R A e N B L 9 iF
738 RIS, 3l o 42 4R Y B s O IER I X ) 4% i
TTREW, AR M T B REFTEREANTH
B, R, R Z 80Ok E R R A REU
S — A h B Ay 2, ZmE T il A B AR b 5]k
KN T7 2R E, 2021 4, WANG S0 2 T —
A ML A A B O 3% (camera-aware proxies,
CAP) iz 5 ik 3 FARPLE AR B & of 17 AR AL I
AHAIL ] 8 X5 b 2 2T 28 4 5 i 8 A AE #L % g0 AR 2
b BRI 28 N T 22 AR T T EE 0 Oh bR 48 iR AT
W2 ) A RURRAR T 28 N O 25 45 5 T A ok 19 17
T 52 1]

B B RelD EEARM R B AEH MR ET
2 DL S BE BIL A SR W TG VL e 4 5l AT N RUE B
MERE, NE TGRS RIERE, KE
SRR T — R R T RS B B A9 G W B R 2%
RelD J5 ¥ . il 8 8 Az 5 X Be I 2% 14 AU 5 0 7 ik
SIARES RSP, LI 8 E R F 5 MiT AR
TE o 3 Ab X I W B L AR rp B B ik AE SR X A
R 7= A 1 T Y, HAN 202045 H OB B K i kR
Mg 5] AT IR RelD H, B8 T 8] — KM FE A
S AT ISR, A B T 4 9 A 28 08 09 A L 2
g I 9 /D A BE A [ 52 AR AT TR R PR RE
H2 7548 P A 28 A0 B S AR o W B BT,
T TG B S AU Y R AR 3R 3K e T A R R N AR AR TR
PE A RRAE 19 1R UE BN 45 5 5] & WS fh bR
. HH L BEEME T ENEREBEFEEEAGAR
) 2L S AA L (B30 A AR ) PR B 28 B9 AT N RE AR B 4 22
AR B, i R 1 PR BB A BE 2 52 B S

BEX b3 ) A, A SC % HAN S5 19 J8 & $2 11
T — PG R R A0 Ak RN MR X b2 2T Y 58 4 T



* 764 -

Wi RelD J5 ik, B 78 $2 FHAL B (9 R 41k 42 HUig 1 Fn
IR R R M R D AR 2 I T S e BT R T
2 32 B BT 6 TG M B RE B R AIE 3R 3R 1Y 4 Ak A 2
TR R DR 28 53 2 T B B B 1) T MR R X L A 2] L il
HEFERATNEIEE D HT T RN LE, T
SEA AR AR B RN O, S5 45 SR 3R 0 T U7
ORI B E O H R AR S0 F vk L §E
.

1) 2 — Fh £ T TG W B BT R KR IR 3R Y 4l
oz 2 Rl LR R E S T Mg it 7 —
Ao E Y JE R R E 3B 40 4k A B (non-local channel
refinement module, NCRM) , Jf & #t J&. 7 ® 2% v )
A Ty =Xk 1 5 I 28 X5 B SR 0 DX S8 R AE Y A1 Ak 2
27, [R) B B T AN R] 20 R B DX SRR AR 19 15 B 4 L RE
J1 I8 W 8 AT AN RAE

2) AT IR TC W B RS AR R S D AR

—
1opdureg

__________________________

MEBF - B W 20234 3k

() BT B2 M, B TE T MR R Y Bl A X L 2 A (dy-
namic contrastive equilibrium, DCE) it 2¢ pR %% 3F 417
TCWEEBA 2, B B N TS B R
RPN ¥ R A N R = AT A T O s
LB TH AR (1 B R P RE .

3 TEPIAN AR B kAT Si R L R
7R R AR PE e A SEE .

1 FIERL KR TEEX L F S

1.1 BRRLE

A SCAR By 3 4 R AR SR W, 55 F 20 1) ResNet50
B HIE ] T M RelD i M 2% 454, 5 1232 TH1h
PR AT A B, B AR M 28 25 kg an &1 1 T . 3l 2
25 14 3% 25 36 ACRIVRRAIE (9 AN W7 B30 o a#E 47 X L 2% > il
R MR, FEAE AR B S A
AR 0 TS M P X6 L 2 ek AR Y I 2 R Gk B 9 i

c
k)
o
2
[¢d
. |
Memory
L+l DCE loss :
s T Rt
I
I
I
Cluster

1 BEREEHE

Fig.1 Overall network structure

A B, 2% R AR ZR 25 3
1.2 YHES

Jo Wi B RelD f£: 55 76 T 2% 2] XA [N & 4 19 53
FRe . K, 38532 2 AT NFRAE 2Z 8] 1Y S [ XoF £
FHEAIPERE 143 G HE . S TR IR R BT Y B bR A R
e B LA S 3R R IR ResNet50 9 2% 1Y {5 B,
PEHCEE ) & 38 i T NCRM I8 A Res-
Net50 [ 45 i AN [m] )22 > #h) A SCHY T B2 R AiF 248 4L 1)
&, 2 fi,

YAk 2 2] M LR R B AT N RRE i
Bl 3X 256X 128 K/, FF ResNet50 JitiF [ 2% 15 £4
2B T2 (Layer2) b, £33 Layer2 5§ b 4 BE R
512X 32X16 WHFIE., HW b T F BT NFRIER 3
KB IT  NCRM ik A ResNet50 B Layer2

Layer3 A1 Layer3—Layerd 2Z [A] 5 1 ¥ 75 4% 1F 3£ Jn
A 58 BUAE S A0 AL T fil G Rl 4 Ry R AE L 35 B I 2% B
I8 I Hb G B AT R A8 40 R DX 3k, L o R 4R
2R A7 4 A S5 AL T S AR 25 s DA — AR B
R I A RS AT N B Oy HLRA S S B R AR
fro BRI HIES| A M 45 v i 42 Jay - Y 4k (glob-
al average pooling, GAP) 4 Jo 32 4 35 45 2 X I8k /Y
ST NRAE S AR OB 6 7 D 4 190 8% b 19 - 24 3
WZFHRH T X ¥1{E (generalized mean, GEM) ith
)2 o 8 B 2 ROk 1 A [R) A0 R BE X8R R
TEAE BT B4 Layerd M &4 HHAY 2048 X 16X 8
KRNI =S4T N IR 5E 28 0 2 048 X 1 X T R/
L2t BN ZE/7AT 2048 e 4L FFAE



O 7 BROW N AR IR G R AE 20 Ak AT MR R X L 2 ST B T B AT N R . 765 o

5
2 | 8z1x95zx¢

fi1:512x32x16

Layer3
ResNet50 before layer2

L1 024168 9 0481 x1

[ i—gi %—»Output

Layer4

B2 RESERLNEEDE

Fig. 2 Structure diagram of deep feature refinement network
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Fig.3 NCRM structure diagram of nonlocal channel refinement module
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Tab. 2 Experimental results of parameter A in different datasets

Market-1501 DukeMTMC-relD

A
mAP Rank-1 mAP Rank-1

1.0 82.0 92.5 71.1 84.2
0.9 82.4 93.3 71.6 85.3
0.8 83.1 93.5 71.9 85.6
0.7 82.6 92.3 71.2 84.5
0.6 81.2 92.0 70.9 84.1
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Fig.5 Curves of mAP changing with epoch when A values are different: (a) mAP change process on

Market-1501 dataset; (b) mAP change process on DukeMTMC-relD dataset
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Tab.3 Unsupervised RelD performance comparison with state-of-the-art methods

on Market-1501 and DukeMTMC-relD datasets

Market-1501

DukeMTMC-relD

Method Source Source
mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10

Ref. [6] None 46.7 71.6 86.1 — None 52.3 69.4 81.5 —
ACAN-OCEM None 47.7 72.2 86.3 90.4 None 45.1 67.6 81.2 85.2
ACAN-GRLM None 50.6  73.3 87.6 91.8 None 46.6 65.1 80.6 85.1
HCTH! None 56.4  80.0 91.6 95.2 None 50.7 69. 6 83.4 87.4
CVSEM® Duke 63.2 84.1 92.8 95.0 Market 56.1 75.3 82.9 85. 4
MLCH™ None 66.2  86.7 93.5 95.6 None 52.3 73.6 82.3 85.5
1ICSH#] None 72.9  89.5 95.2 97.0 None 64.4 80.0 89.0 91. 6
SpCLH™ None 73.1 88.1 95.1 97.0 None 65.3 81.2 90.3 92.2
MSC-GDCH? Duke 76.1 90.1 95.7 97.5 Market 66.4 80.1 89.9 92.3

CAPL! None 79.2 91.4 96. 3 — None  67.3 81.1 89.3 —
Baselinel ' None 79.2 92.3 96. 6 97.8 None 69.1 82.7 91.1 93.5
Ref. [20] Duke 80.2  91.3 96.5 97.9 Market 70.4 82.4 90. 6 92.5
Ours None 83.1 93.5 97.3 98.5 None 71.9 85.6 91.8 94.3
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