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Unsupervised person re-identification of adversarial
disentangling learning guided by refined features

Chen Yuanmei'”> Wang Fengsui'>  Wang Luyao'

(1. School of Electrical Engineering, Anhui Polytechnic University, Wuhu 241000, China; 2. Key Laboratory of
Advanced Perception and Intelligent Control of High-end Equipment, Ministry of Education, Wuhu 241000, China)

Abstract: Unsupervised person re-identification aims to identify the same person from non-overlapping cameras under unsupervised
settings. Aiming at the problem that the existing unsupervised person re-identification network cannot fully extract pedestrian features and
the difference between cameras leads to pedestrian retrieval errors, we propose an unsupervised person re-identification of adversarial
disentangling learning guided by refined features. A feature refinement information fusion module is designed and embedded into different
layers of ResNet50 network to enhance the ability of the network to extract key information. A disentangled feature learning method is
designed to minimize the mutual information between pedestrian features and camera features, and reduce the negative impact of camera
differences on the network. At the same time, the adversarial disentangling loss function is designed for unsupervised joint learning.
Using the Market-1501 and DukeMTMC-relD public datasets, we tested the proposed method. The mean average precision increased by
4.6% and 3. 1% respectively. Compared with the baseline algorithm, it has strong robustness and meets the needs of pedestrian
recognition in unsupervised background.

Keywords : person re-identification; unsupervised; feature refinement; camera differences; adversarial disentangling
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B, MBI NE PN TR T AT N E U EOR Y
BB AT EEN AR E R B 005 B, BE3E 5 SEPR I
H i 76 W B AT N U 7 A PR 58 e e (fully
unsupervised, FU ) #1 Jc Wi B E W ( unsupervised
domain adaptation, UDA) 17 AT iR, HH, UDA ik
T B hRIC IR CRCHE 4, LR BB 4 A AR SO
R IR S I) Iy 22 XE LIRS . R, FU D7 vE T 52 G,
FU Jr I hid B2 vh Tohmic Bl 5 B 48 5, anfar 4y
TR TE B AT N B PUIASER SO IF M R 2 —

AR RIS (0 JC BT N E IR 07 1
JER R | BISE X AR AR 0 AT N UG AT 2R 26 A D
2 FER IO bR 20 W 28 EAT DI SR A DA i i R HT O b
2 ORI 28 I 25 25 AR IS AT 00 5 1k i v TR BBE AR 1
BE, A Li ORI T A RIS A X FR L2 2
77 15 ( cluster-guided asymmetric contrastive learning,
CACL) ,iZI7rER I RIS 45 A48 AR X AR be 2 ] HE SR
TRRAE AT T M 2 2] . 7E CACL 2R HH S 491 AN
RS HA 2T, 43 5 1 T35 B 28 A 0 285 27 o A [) B0
T AL Y AL R[] 56 T SRR S5 SR A R AE . Ge
SR T — AN G % 2 S HESR LA TR R H A
BT G BT A R S . BN IREES A
P FE SORNAE f% S2 ) AR A B 15 5 P S S R &
WA, WAMEECTT T —Fh A 22X He 2 2T SR ( self-paced
contrastive learning, SPCL) , LABJ 1F W 7 AR5 2 I 2R 1R
FEIK ., Sridhar 21 HEH T — g 09 3 T I 23 SE R
) i) R & TC R 25 B 28 ( spatio-temporal association rule
based deep annotation-free clustering, STAR-DAC) HE4Y 1%
HEZEL TS e R R A i 19 AT N BB AT R 2K
JEIE 2 A I 23 SCIBRL DU AT R 26T . AR, bk
TIETER B WG A REW N — DB 2, 2 TR
Kid B o AW R % HAFAEAHDL2E 7 S BN R AH
BLEZE N REA BT BCBIA ] 9 PR % B, 2022 4F, Chen
AV T — R T ERHCIZ I TR ( cluster memory-
based meta learning, CMML) 5 W& , 122 7 W % FH 3 T 45 B
TCAZ B I BRAb R ok b B A LS 1 57 | 7S ) MR P AR 2
FERIYIN 5 R) 8, DL K — b e T AR B IZ B P e P 43 2k
Ak PR M P bR 2 ik — P R T T BB 2R L Cao
SEUOTHE T — R SR A 48 A ML IR E 4 i
( semantic feature extraction-camera-aware re-allocation,
SFE-CR) HEZR , 3 2 fiff AFr 455 U 42 O A A 118 1 SR 8
FROE THBRTCAR AR B oAb, HIARAL ID XEAEAS 347 3
# I EE o I e e SR 2807 A U DA RR 2

TETCHEE Re-ID | iy T H S BRBE TP AF AEAH LA £
AL AT NGEERS A R R 5 5 B A RURS AN
PRI, Xuan 251 48 7 —FloHTHL P9 FAR BILIE] 9 48 0L
1155 (intra-inter camera similarity, TICS) 5k i A AR

BLAFIARBILIE] ) Dh b 25 kAR ARARBL A AR AR, A3 AL
REARAR BIL 22 6] 1) 53 A1 22 S, AR A5 B 68 4 YRR AIE 3R
Chen %52 JR T —FPIC & A BURIXT HE 2 5 HE 4 04 TC W
AT NFRR I 8 5 = e MR 5] 00 2R i)
P M2 ( generative adversarial network, GAN) A= R AS [A] #
I&T, SR 5 K3 26 4 il i) 7 AL R 5 i TR A2 B X e 2 ) v
Y S UG AR ZE &, LA ST BRI AR R, AT 4 /35 A B
Btk Hui 4RI T R T R  HORORS 4L R 2K
P TC B B Bl N RO 7k o f AR BRI R A = Te A
VT R B E T 2 Pz e AR AR S OB
—IOHE 24 A SR 2 TR Ofe S 5 Mg P R AR S B AL B 7Y
RAdHE,

LIRTTIE AR — R LR T ORI AT AE R
SIVERE  (ARAEAE LT JLAN IR . 1) SREEMTT NG h
BT RRIE AR R | B B X LUK i i B 000 R ik
5 852) HTAINLZ M AA7E 22 5, 2 S B AR AR A5 R v
Al REAL & —SETCOCHRAE , A TR R 7% S AX SE T SC AR
XoF O 4% F4 70 TR S ), DTG 5 SRS AR () TR M AN 1

FEXE E IR IAIR, A SC A i 19 28 e ik 4 A BE T LA K
REARARBIL 201 2 S, D/ M P {5 L, 41 v TRUDOHR B2 1
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ANFEPBI T, LT fF g T, FEoTk
Wmr

1) B4R AE 40 4k 15 B Rl & 15 B (feature refinement
information fusion module, FRIFM) , B i& M & FI4T A&
b BT ALE DI, 1 5 P 28 X DGR B B ATk > H v
FROESE AR

2) it TARRIE AR 2] 5 AT AR IE AR LA
EATREAS , D80 JC ORI XTSI R 0% 52 0] 5 ) s 1523 %68
Bk i 2 28 1 28 PR L ((adversarial disentangling loss,
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3) TEAT NH R BIR PIS A R 5 E SR M 3
TR L, I #E Market-1501 #0484 1 i/E 47 A AR 4k 52
9, LI 2 SR WA SO ik 0 07 2 BE S A S T A
BT NFE PO MER %

1 ERXFHiE

1.1 FIEERIEL

ASCHEH T —Fh AN ACRAAE 5 | 3 X B i 2 282 2] 1)
TeW B AT NE R 7, 4% MARAE SR NI 1 s,
P8, A Sl A RAE A AL AR B Rl G BEHL T ResNet50 4
BURPRICAT NFEA (9 22 Jm R A . LU, R R 4 B R AR
FRAE A AR AR ALY S5 AL ]I 2k o BE AT SR 26 M BT AT
YIRS 5 B PhbR 28, FE 31300 7 9 AHATL P9 453 26 FAH AL



S132- B

5 A8 2 4R 55 38 &

I, I, ZEARAL N U 2R B B, 0 SR 2K 5 B RRAE F
VENFAIESEIGAR B B A FFRAFHALRRAE Fr=20 &
JEBARBURAIE 2 547 NFRIE 2 (3G 4340 P R bR 43
i Q AR FBIES D B A FUHFDN G D ST A

(4 JS HIURE , BB PR 23 A5 RO AR AULME . e, ad o fee /M ik
PRI Z 18] (14 IS IR FRAT T T i 2] 2 458 2 o 2K
TEFEA YN Zrad R o, AHAL VI R B AARBIL ]I ZRBir B
ST, LA AL CNN 258 BB RPALE

R
I~ < - ’/ ——————————————— \
! ////—\\\ I
T | \
ES YL S Y =z V! g
I ' 2. ® | > InterLoss
< A ] \
I\ Ve A
g \ W A / 1
—~ /! N Ll / |
/2 <. 25 SN SN
THERL-T
—> SO s o )
| 27 bl N THIFLn TN
w2 |/ N/ N\
i /[ -
> — |{ } | },—»{ Intra Loss )
i _ ¥ b
: I\ R / ~ |
HHHL-n AN m/ \ yi
[— (BN 1 A A
Ll e | -\ D= =
I "._.T.f ..... ——— .
"y
_
) 4
—> E 5> >O>
=t - N
IF‘ éFZ }D—H ADL Loss
——
of
N LN AT )
Fig. 1 Overall network structure diagram

1.2 FRIFM
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KT,

L. = %IEHI(F(MJ, £),m) +aL, . (3)
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1ex1 et

Horp Xe 247 NEMBR IR G o WIRIE £ EA [ 55
BUR X 247 NS BRI AE e, 2 (4) a3t
EAARN f AEARTRIARAL B A

i BRIP4 BC B AR (R AR 2 1 &
B, WNTPREREAS X A2 i — A FRic BRI (4)
B BREL loss'( - ) RTARAR N

loss“(f, ,m) = L(F(w*,f,) ,m) (5)

He F(w, )RR —DEAA S8 w 15
HKedvo 1 - ) IHE A L FIFRSE m 1Y softmax 58 SUAR
e, R REAIL N BRI 2400 2R T 3R R

Liwa = i L (6)

Horpr € ALY SR, e ARBIL N FAEAIL ]
ke L

L, =L * L. (7)

loss“(f, ,m) (4)

3) % &R U R AR AL Z R F7 78 22 53, 190 2% $i B
AR AL S — S TG O E B, AT BT AR &R B
B BIBI M RE . AR SCE I e/ MEAT NRRIE FUAH LY
TR Z 1] 1) B S AT X0 i 2 2% > ) X P fe 2 9
PR ANE

Ly, :H}.ibn<DJs(P IQ)) (8)

Hdp P 1 Q 43 3 R ARBRG I3 A p(2°,2") By
1 p(2)p(2*) BYTFN, IS BUEE W] LA I3 P 5 %% D Akt
HAAR

Dy (P11 Q) =sup (E,_,[logo(1(x)) ]+
E, ,[og(1 -a(I(x))) 1) (9)

Hrp o & Sigmoid TG pRB, T R — i B PR,
E JpReESE s I TR BOREPLRE, i w =E,_, [ logo
(I(x)) ]+ E,_,[log(1-o(1(x))) ], M (8)EM JS L
FER R F R w 9 B Ly, ATRASROR N .

Ly =nl_l,iEnm3X(/-'°) (10)

N T A Z8 N 25, A SCREARALTE] 5 A BN S 40 2R
L, FOXTHUE R S5 L, WA MBI 2852 2] | 2 SO
AR L, o A F TP A I 2k
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2.1 REHIEESEMNIERR

A SCHE Market-1501 F1 DukeMTMC-relD P> K R
FIBESE D AT — R G SC 5, 30 o S 46 245 SR 46 F T 2
FEWA R, # 1A BER T P A B 4 T a9 I 2
B RS A AR A EMR AL

Market-1501 (54 J& A 6 A H 58 A B AL AL H il
REME AT 1501 S0y INZRBaqT N B 751, 364
12 936 5K B4 MRS AT AN B 750, 3647 19 732 5%
ESEE

DukeMTMC-relD %455 /2 M 8 IS ASFZE AL
FREE 1404 50y IIZREETT N Bl 702, 3t
A 16 522 kMG MERAE T A%k 702, 2545 17 661 5K
ESEE

x1 TREHBFEEFHIIGE VWXENEQENBRESIT

Table 1 Data statistics of training set, test set and query set in different data sets

Bddk PR IR ARG NSRRGSR AR IR EREC Query BIREL QR3S
Market-1501 6 751 12936 750 19 732 3 368 32 668
DukeMTMC-relD 8 702 16 522 702 17 661 2228 36 441

AR S 408 JE 4 {H ( mean average precision,
mAP ) Fl 2 UL B 4 Pk fll 2 ( cumulative matching

characteristics, CMC) PEAH AL AL BE, mAP [ W K & 19
A7 NAEE I 22 v A T4 I R HETE s 9 2% i T A9 R 2
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AR (12) R, Hrp AP R A2
FEIE , C Fon 28, R SR FFEALIN AL & 5 1
PLSRBOE P RE, X F CMC i 2R, A S0 5 Rank-1,
Rank-5, Rank-10 AYVCHCRS B 45 1 X B & AR R A7
i 0 AR

> ap,

C

2.2 XWEE
AR B %k H A GPU A NVIDIAGeForce RTX
2080Ti(11 GiB) ,#E &%t Ubuntu 16. 04, ZbHZY Ky
FEIR Core 19-10900@ 3.7 GiHz, I JE %% > HEZL N Fytorch
1.2.0, ARCRH ImageNet Tl 251 ResNet50 1 L fiff 4
%, MsRbIL 2 Z 5 T 2, IR In—A~ BN 2, 7
DN SR B v, A SCR AL )2 05 BRI T T 53 AR A

mAP = (12)

B IR R AR R/ R 256X 128, R H
T REAILEREL R AL R S G s R AR i AR
HFIAIL N FAAILIE] B BT 00T . epoch K/INGE By
40, TEABHLNINZR B B, B R AHLAY batchsize K/ R
8, ResNet50 JE)Z 2% 21 0 0. 000 5, oAt 56 2 (2% >
K4 0.005, FEFHHLE VI ZR B Bt , batchsize K /N &N
64, ResNet50 )22 2% 2 58 0. 001, HoAth )2 (% 2] %
$50.01, #BZE a=1,]=16,K=4,
2.3 SHMA KRN LLE

IR E T 4 D Tk 0 AL, AR5 AE Market-1501 F1
DukeMTMC-relD W REWESE LR 1Tk 5 3 48
JCW B AT NG 2 E AT X B, X H A O A e 4
T B 7k SRR R A S N vk . X Eas R angk 2 i
IR, Hirpre— FOR FE SO AT R R

®2 SHEHMAEHXEIRER

Table 2 Experimental results compared with other methods (%)
Market-1501 DukeMTMC-reID

ik e mAP Rank-1 Rank-5 Rank-10 UREE mAP Rank-1 Rank-5 Rank-10
STAR-DAC'® None 33.9 67.0 80. 6 84.9 None 31.6 56. 4 72.1 76.5
GSRA!' None 41.7 68.7 84.2 88. 4 None 33.5 58.3 71.0 75.8
MV-ReID' " None 45.6 73.3 85.3 89.1 None 31.7 54.5 67.5 72.1
pLCL!"! None 48.3 73.8 84.7 89.2 None 55.4 74.3 48.3 86.5
ACAN-GRL!" None 50. 6 73.3 87.6 91.8 None 46.6 65. 1 80. 6 85. 1
SDAAL!!! None 56.7 82.6 91.7 94.7 None 52.3 72.8 82.5 86. 1
CVSE!" Duke 63.2 84.1 92.8 95.0 Market 56.1 75.3 82.9 85. 4
SFE-CR!'"] None 65.4 83. 1 9.5 95.3 None 61.8 77.7 87.2 90.7
MLC! None 66.2 86.7 93.5 95.6 None 52.3 73.6 82.3 85.5
mncst! None 72.9 89.5 95.2 97.0 None 64.4 80.0 89.0 91.6

SpCL” None 73.1 88.1 95. 1 97.0 None — — — —

GCL+(JvTC) ! Duke 74. 4 89.7 95.5 96.7 Market 61.3 78.0 86. 8 89. 1
mpc 2! None 77.4 90.9 96. 4 97.6 None 63.6 79.2 87.4 90. 3
Ours None 77.5 91.8 97.0 97.9 None 67.5 82.1 89.9 92.3

M2 i LIEH fEE TR E T, A SO LT
Market-1501 %% #% 4 I #9 mAP A 77.5%, Rank-1 H
91. 8%, £ DukeMTMC-relD X0#E4E [ 1) mAP N 67. 5%,
Rank-1 4 82. 1% , 5 HAh J5 ¥ AH Lo, AR SCHE 0 O 134
WS T Hedf g R, BpAokpi, 5 SpCL'” , SFE-CR'' 4
BAEITHEM L, 75 Market-1501 28R 4EH, H mAP 435132
T 4.4% 12. 1%, Rank-1 20 #2851 3. 7% .8. 7%, 7
AYYSUE T AR SCHE T ERE I WO ARk, 50
B E R T EA EE, I CVSE™, GCL+ (JVTC) PV A SC
SR TMEBIE AT EZRmC IR S , H
SIS RCRARXF BT, T U6 B T 78 SCHE S 19 Jr vk e B 5K
st B — e B, St E kAL,
GSRAM™ DLCLM MLC™ 11CS™™ 48 7 S 4 4 hF 40
A5 B R B Ah 27 ] JCBEE X SRR R, B2 1 A 4

BOCH S B EE T, (R B R FH AR AR MR 27 > 5 ks /b 6
AR RS ST R RRIRE . S EE TR L,
#ll DLCLM | GCL+ (JVTC) ™! MPC'™ | #£ Market-1501
B, H o mAP 55 T 28.2%.3.1% . 0. 1%,
Rank-1 ZF5IH2 5 T 18.0% 2. 1% .0. 9% , it — L B64F T
AR SCHTHE R I B ekt
2.4 XWHERSHH

1) V- SAPRGHE FE X6 L 52 5

ARSI A 1 TSV YEPAE U R X L S 50 R 6 U T 2 T v
HIAARNE . TEUNZRPY B [F]— S0 90 15 B B R4 T,
ARG R IT B AE R 4R h EAT X b, FLE R
XA SN 3 7R . AT/ 5cdl 45 v iy P e vt Lo Bl
A DAAS AR T R4 7, AR SCRT 4 HE 5 VA Y mAP E
ST T 4.6% 3.1% , Rank-1 {H 4> B4 T+ T 2.3% .
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2. 1%, FRMTETCHE AT NE U M2 AR SCRsEH Y
FFIE 0 AL A5 B Rl S BRI AL S A= ) T A 8 B 55

T RS ) R

3 ERRBIBE DI RRER

Table 3 Accuracy comparison experimental results in different datasets (%)
Sk Market-1501 DukeMTMC-relD
Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
Ere24 89.5 95.2 97.0 72.9 80. 0 89.0 91.6 64.4
AR 91.8 97.0 97.9 77.5 82.1 89.9 92.3 67.5
2) IS5 P B A R, BRI 4 BRI TRY] 2 13 #f

T B IERHE AN AL 5 B Rl A AR R 5 TP A 21 4 5
I SRBOV S RIPERE /) 52 M), S e 4 FAS TR O X
Market-1501 455 T FF e fl S 56, 540 1) S 50 1% 5 4
SRR FFAIR], SCIREE RN 4 PR

TG, IR M AT, ik 4 K511 iR, H
mAP F5F 72. 9% , Rank-1  89. 5%, HYK, 4% Sr 0 KL 2k
P28 53 SIS IRRAE A0 1015 8 Rl B A 8 5 X5 e 1 ik 2 28 9
P RBEA TSR, SR A RG] 2 3 iR, 7RI
IFREANAL (S B Rl A B S O T, mAP 58] 75. 1%,
Rank-1 i5% 90. 9% , #H Lt T IELL M 4% 7 542 F+ T 2. 2% |
1. 4%, XZRY], FEIEANALAR S Rl G A g s 1 AR 78X Rl
G2t UE R HIRRE ), B a7 AR A, 5005
UE T B4 ek 2 Ak AR . AE AU IO Bt 1 ik 24 28 95
JRBIEOUT , FoE AL o v S8 RF B R S AR P
2T}, mAP 353 74. 6% ,Rank-1 3£ 3 90. 5%, _FiRiETt
FEUH X P A 2 28451 % oA BT LAAT s A I it AR v
i T AL (B 25 5 S BON 28 28 i T A5 B . e,
SRk — 25 AT T R T VR B A R A AR, AR SO [
B S TIVREAE 20 A0 A5 2 Rl B S 0 5 X e P A 4] 28401 2K ek %K
AT RS, RG] 4 s, H mAP B8] T 77.5%,
LM B A HLIETE T 4. 6% ; Rank-1 153 T 91. 8%, 1E
LR IR FHRTE T 2.3% , SCI A BRI T AR SO

A FTRRTE, FEor I TR AR IE AR AL £ B RS B e X Bt
N EAE EPNTSE A SIS R (R LiNR 8 £ C A S €S g I 1
BAT NE U A

x4 HMIBER

Table 4 Results of ablation experiments (%)

Index Base FRIFM ADL  Rank-1 Rank-5 Rank-10 mAP

1 vV 89.5  95.2 97.0 72.9

2 vV 90.9  96.9 97.7 75.1

3 vV Vv 90.5  96.6 97.5 74.6

4 vV Vv 91.8  97.0 97.9 71.5
3)BH A hr

ARG SCREARAB R R P S H A BB XA AR 1
AEMISZIE VBB T A =0.1.0.3.0.5.0.7.0.9 3% 5 DA
FRELIEA T 5250, S50 B (s P A 806 42 4 Market-1501 F1
DuleMTMC-relD %0¥5 4 , SCB 25 F anzke 5 frn, BEH A
B 350, Market-1501 F11 DuleMTMC-reID %412 45 1Y
mAP Fll Rank-1 #5230 5E T+ 55 J5 BEAR A, 24 A BUE
0.5 B, RSB AE (U1 SR ah SR R B R RO X R
HIAE A BRAE | 2804 PRI RE A S MR 2 — 30
R A S g A BUE 0.5,

R5 SYANEFRHBEEFHIRER

Table 5 Experimental results of parameter A in different datasets (%)
N Market-1501 DukeMTMC-relD
Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
0.1 91.2 96. 4 96.9 76. 4 81.6 89.1 91.6 66. 8
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Fig.3 The visual experimental result diagram on the Market-1501 dataset
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