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Abstract: Unsupervised cross-domain person re-identification aims to adapt a model trained on a labeled source-domain
dataset to a target-domain dataset. However, the cluster-based unsupervised cross-domain pedestrian re-identification al-
gorithm often generates noise due to the different input pedestrian pictures during the network feature learning process,
which affects the clustering results. To solve this problem, An intra-domain similarity grouping pedestrian
re-identification network based on semantic fusion was proposed. Firstly, a semantic fusion layer was added on the basis
of the Baseline network, and the semantic fusion of similar features was performed on the intermediate feature maps from
the two aspects of space and channel in turn, so as to improve the adaptive perception ability of the network. In addition,
by making full use of the fine-grained information of intra-domain similarity, the network’s clustering accuracy of global
and local features was improved. Experiments were carried out on three public datasets, DukeMTMC-RelD, Market1501,
MSMT17, and the results demonstrate that the mAP and Rank recognition accuracy are significantly improved compared
with recent unsupervised cross-domain person re-identification algorithms.
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56358, FEUAE—AT NMEA R EHUE i S X
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AR, 7RIS E 1E NI AR A A [ LA B
SRS A 22 e, IR P22 S T X 2% V2 AL R
NR—MEXRWER. N T 4N ER, BATA
2 PRV 1) eI e S U 4% A
PRERI T 20, IR YIZRRE AR B R e X 28 81 1
BEL, ) JEFAERTHIMZ (GAN, generative ad-
versarial network) ¥ G & NI RIS H 21) 5 Ariek,
MG 2 AN AIAR ST, bRt b Bl SR 1
T3S RIS B AR A AHOCHE B 18, B FRIS
WINZAEA TP AEAE AR A I AR — 428, HAE
PR 2 2 2 I R R N TSN A

BT BB S AR AL SR R T B A AN
TR Tr) A, AR S HH — P ] v e s ) B 0 SR
T3 AR AL 23 2 285 o AR S EE DTk i F o

1) ACIZEAE Baseline 4% i) SE At 61 B i
HOAS N T PR JZE SR Z,  SEINT ) 28 Hh TR ARk 1]
BB AL FE, 1 55 A R P 250 [0 28 B2 EIURRAIE 1R 77 1R
FE, b, ARSCHE 8 SCRhE Z A A A)E SRl
4 (SSF, spatial semantic fusion) FlHEEIE SLRLA
(CSF, channel semantic fusion) 2 MEH,

2) EASE AT A I RTHE T A SCR A
WNAT N BILIRLEEABAUPERRAE, 1 9 28 P HA AR AIE
BIAK- 73 B 5y, i SRR B T AR s 4 R A
JR B E B3 AR AR AT N T 2, R —AT
NBE LA ARREE, H ORI EHR SR . B oA

[FE AR A FAT N B VF 2 A, a5
(%) 5 40 £ 55 T I 0 A5E 2 3 AT T U SRk ARH2 48 B0 K
AT N 2K M5 R

3) SiEFEa R M EIEA LR, A SCHEVE
7 DukeMTMC-ReID. Market1501 A1 MSMT17
X 3 A AFEHRE SO ARG B BRI
SRV I e g R o B T A R A R R A5 T Xk
TR

1 HEXIE

L1 BEITAEIRA

BT, RZ BV B AT N E AR 5
V2, R FAERIE ISR BRI R DA 0 AR bR
10 HAREAT AR RE, B 8AT AN FE R AR
0 e B I B AT N RN, B R T AN R ) 22
FPERP . B, BT IR SRR AT B bR
TR AR AU, A TR SR AL 8 H Ak
I 2025 S B MR AR AL, 2 TG e B e O RAT
NE B B TT Z P A N =2 BRI IT
B Hh TR SRR T IR ik

FE BG XURS IL 78 J7 3% v A 2 1 A2 xt 1 kA
28OV 24 R AT B9 777 . ECN (exemplar-camera-
neighborhood) Uil FHIEAS 2 > 34 PR BIHEAZ 55 /IN
W H PRAN R SR 2 2] AN AR s 22 A0 I AR ) 4%
CR-GAN (context rendering GAN) 5 I T-15 5 KUk ,
R R H AR T AT N LR B Ak, B
PEIBAAT N H AR SR N BRI ZRE R
B3, GAN HIlgRd 22, 1 HS 5 NS
A, PRIASEH T SEbri 5.

HHRVRFAE XS 55 7V B A I/ 45k [R) R ALE FH R 2%
W ZE R, RCBUR S R A E AR i R 3L =
— AN LRI ()RR AR (A], %A R] o R AR AT LA
FEIRAHEN A 52 5. D-MMD $i%% (dissimilarity-
based maximum mean discrepancy loss) U3 3 {of
ANERIC P BO B, SEBURFIEXS 5 ZETANT
HJG W B 2% 3] (PAUL, patch-based unsupervised
learning) HEZRAE 5 S PR G ARDLL, R4 EIE
A AFLEAL )RR T 5 PAULM A2 5] B4 42
FONRFIE, TR AT IR ERBL R 40T ZO0 Rk .
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Z A 2 A2 IR IS AE R OO O R, SRS A8 R b %
HNEEFZIR I ¢ & s UDAP (unsupervised domain
adaptive person re-identification) Mit4 B HEF (1 H 55
Jaxt BARBEUGHT IS, SRIE AR SR 2845 BA it b
% SAL (self-supervised agent learning) "yt
FIF — ZHARERAE A Bk /D YR S A H brigi 1] 1
ZE5

IR 3 R & AT N E R B T VA I 2R
ik 48 /NIRRT E A Ik 1] 1 22 BE T 4 v A 2 ()
AR, SR AN T BAREN F—17 N B S FEE
—E AR . R IR —RetE, ASOR B ARIEAT A
FRIEREAT R s, RETAT AEUER BRIk
BE YRR, RIS 7 R P o RRE AT 2R
HK, AT AL 3 MO bR%s.
12 BERETK

BEXT 8 JLEE R AR AE I G RS AI A B
BIA—E R 8, I A BT 73 st RS A0 L A3
AR IRHIER R BE T o ARG 71— R RS AR
B HFfiE A8 4, SIFT (scale invariant feature
transform) "1 ORB (oriented FAST and rotated
BRIEF) U % FHAMZ M4, @i R R
JROBEAR 4 A e e S AR B 3 AT i 4. SR, Ik
KO iEFR R & RAF B R T 8 AE, B0
TARH EHAE S AR IR Ak, — e Al T
V5 3E S B S5 2 2] A% [R) 4. STN (spatial
transformer network ) !V i 4 5 2 HAR ke HH
fF&; DCN (deformable convolutional network) M®!
Fm S0 7R RAEALE, i b 3 o
B B TRl 3 ok 2 ) S

IR T ) 38 I R 2 R AT R B B I 2k
KRB GRS, X T H s =R R AT AR
AR R UL G . AR SCHE H 23 (RS G 5
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Bt S A1 SCHAURE, XA () B AR A5 S AT
RE, TAATSHING. MH, EEaEE
P JE8 T T SR R G o A T B TE 2 TR AE
RIAHOGHE, IO TR IE RIS RE ST -

2 EAKRIE

Z: IR 1)K 22 B30 e 1R 1) 19 248 78 5 I 2 40
A2 OB AY 3 AT WO 2 i 7 2L, AR SCRH AR
TmageNet'"”! I il Il 45 #F ) ResNet50™") {f Ny
Baseline W% . W 1 fir7, {E Baseline %% layer,
Fl layers Ja 20 AR INE L& 2 (REHEN 2 SR
IKEJED AR ET M, A AL Bl 58 215 X
5 o B I X 4% B 5 11 42 1% 82 (FC, fully connected)
J2 B i N A 4 R 2 048 IR I B 4 Hh ) 4
AR B WL R AE B F RSP R
PIEL F,, R F,, » HIUG AT DLRBUCSE 22 () 4000 B2 AR AE
SRR F . F,, A1 F,, 3047 4 R S50 Ak
(GAP, global average pooling) #ff 3 FIRFIE 7]
& NE WA RAT N EUR B RFE 17 & 43 241 553 Bio Oy
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21 EXEMER
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1A SRl A R PUR IR AT A BB IR SR
55 I8 SR e OS2 B o 25 78 ok 2 B AR AR A 25 1)
FH AR AIE P, 1) P AE ALK AR AIE A0 AH A8 REAE 2 18] (1Y) =i A
AR R, A b E 7 25 b 48 SR AN [F] L 51 (1) £
PRERAL, DAL R BT AE B o 4 58T 5 IR AE B 2
I HtEIH—4k (CBN, batch normalization) JZ5 &
FRAE IR BT 22 5 ), P &5 SR R AT 3 T 1 S
B o TG E RG22 8] 1) AH SG1E SRl
Ao TP R IRE o B 2 1B X AE
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TE RN IR I8 52 B 06 T A 6] RS 1 B R SR AL 2R 4T 9
RAEIEN . T fRPIEA )8, A SO0 H AR
TE AT 25 18008 SRl Gy, e B 2 (AR AIE (1 A
WO R, I B o AR RS2 B, T
PERRFAEXT B PR AR L AR L A

23 ()15 SR AR AN P 3 . B e — M
TEEF e RO, HipC o HFW 43 I3~ I8 TEHL
FHEE S EMEE. B, B F BEYHNF e RO,
Ho MO SR (M = Hxw); SRJa, M
ﬁﬁ!%%%%%ﬁﬁ%%%%ﬁﬁﬂlﬁ%ﬁﬁ
ITHOIE AR, AEROBE SORRE S 5 Ja, BEHRHE
@Fﬂ ENRRES , AERHTHIR A RHER.

M
M
M M
C M_ T1 H . S, M C I/
R [ 1] R ./
H| =.
W | s w
R: E¥ M
G: phé& M

3 A AR

XFAMIR R, IR R AR B R
fir B 2 [R] A AR MLAR AR A AU 5 22 R 55 181 - Du
2 VR 35 0 A 408 2 1) 57 B 1) R R A R A 7 B 11

AT, FTVEATZ A B A e BRI &
ﬁﬁuﬁm@ BF AT CASRAT RS A A Ah AL AR
fiof; € RERORFFHALIE F 8 i DAVE j A= 6] Ar
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LB EHIRAE, S RRIEZE RN E X RSN
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RIERQEE S AR R E BERSZ R, 13300 S ik
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B x, BIEA A FRR 2R AR 2 )4 B AN T
PRESIREAR T Bl i FHMERE AR = Je 3R X o
MEFEA TR U ()RR, R RE .

XTT Baseline 4% 1125, FIH SoftMax 28 X
JEA R 2 2 2 e ), Hoab BN

P K exp|W, x,,
LSoftMax :_zzlog H ( - )

P Zexp(Wkau,i)
k=1
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(14) WIEE 1 FATE, B JeX Baseline FHURIREHE 5

3 KWRERDR

3.1 IBEE

S FEEAE 3 AT ANEUIRE BRI 28 47 0
fli, f4% Market1501%). DukeMTMC-ReID™*F1
MSMT17%7,

Market 1501 HdE £ G H 6 SARPLIEH, It
BB 1501 4, SEGEEILF] 32 668 5K Hh,
WNEES A 7514, FEEAH 12936 5K; query BIE
I 3368 5K, 1A 750 s gallery B 15913
ik BAE 7511

DukeMTMC-ReIDP 4t 4E 2t 8 & AHHLIH
FEMEE 1812 MAFAT A IR A A TF R4,
Hr G 1404 A S RIS HIAE 2 & K BL B AEL
H, HAR 408 S E 0 FAE TR, BRIk
EEMGILE 16 522 5k, H 1A 702 1> query B
A 2 228 K, HHA 702 4; gallery FGILA
17661 5K, A 1110 4.

MSMT 177 4 45 2 — AN 2T B9z 5k
BHHRGE, B 15 MEVUERE EE LA 126 441 3K,
S0 4101 4. HplgEREGE 30248 5k, &
34 1041 A query BUEA 11659 5K, £33 060 4
gallery 1345 82 161 3k, B34 3 060 4.

BT ISR, R Zhong 252U I (7 b 47145
BN RN EE A 256x128, SR BEHLE BT
B RN BN LB T B R AT Y 5 i SR AR AR =
JCHIRRIIEER, K mini-batch FHEEATE RN
P =16 NS R A, IEMINGRE T AR5 1
BENLRFE K =8 5k& Fr, 3% mini-batch Jy 128 5K,
B =TeHIVRINL G S o BN 0.5, (A TE SRl
AR B HE Q IE N 3 (n(2)). BT
ResNet!™ R [A] iy BURFAE 25 18] K /NAS TR, (R AR SC
KHAFEMFRHEZE (WX((3)), @R layer, J5 15
Xf&E o, Mo, BB N 10 120, #INE| layer; 5
G e 2 o, flo, BN 5 10, 7RIl
FRLE ZEJ8CA 0.000 5 9 AdamP Uitk asRAiit 70
A~ epoch HIZHL. WA IZHREN6x107, £ 7
A epoch JEH45 )RR 1.8x107°, H&ET 7 4
epoch 2] IR A1.8x107°, —E LIS,
3.3 S5h#HEZEMLLER

TE 3 NaFHEE b, FASCEE Sk T 2>
VO AT I BEEAT HUA . BT N BRI S5 I8
FH ) RARVC R ) Rank PUHERGZE (R-1. R-5.
R-10) FIIE-F ¥4 (mAP, mean average precision)
VERVEFRRR, VPR AE SRS EROTERE. LRSS
FRUNFR 1 M58 2 B, v Bl A2l s b3

1 AEEE7E DukeMTMC-RelD 71 Market1501 BJSCI045 R
. DukeMTMC-RelD—Market1501 Market1501 —-DukeMTMC-RelD
sk mAP R-1 R-5 R-10 mAP R-1 R-5 R-10
ARN 39.4% 70.3% 80.4% 86.3% 33.4% 60.2% 73.9% 79.5%
PAUL 53.2% 72.0% 82.7% 86.0% 40.1% 68.5% 82.4% 87.4%
CDS 39.9% 71.6% 81.2% 84.7% 42.7% 67.2% 75.9% 79.4%
CR-GAN 54.0% 77.7% 89.7% 92.7% 48.6% 68.9% 80.2% 84.7%
PDA-Net 47.6% 75.2% 86.3% 90.2% 45.1% 63.2% 77.0% 82.5%
UCDA 34.5% 64.3% - - 36.7% 55.4% - -
MAR 48.0% 67.1% 79.8% 84.2% 40.0% 67.7% 81.9% 87.3%
ECN 43.0% 75.1% 87.6% 91.6% 40.4% 63.3% 75.8% 80.4%
UDAP 53.7% 74.7% 86.9% 90.3% 49.0% 68.4% 80.1% 83.5%
D-MMD 48.8% 70.6% 87.0% 91.5% 46.0% 63.5% 78.8% 83.9%
NSSA 47.9% 76.2% 88.7% 92.4% 45.5% 65.5% 77.9% 81.3%
SAL 38.7% 65.3% 79.7% 84.6% 48.5% 67.6% 80.9% 84.7%
DCJ 51.4% 74.5% 83.8% 87.0% 50.9% 68.3% 79.4% 83.6%
VN RTR 56.3% 78.6% 88.7% 92.0% 52.4% 71.7% 79.9% 83.0%
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=2 FAEEELE MSMT17 BISEIE4E R
DukeMTMC-ReID—-MSMT17 Market1501—MSMT17

ik mAP R-1 R-5 R-10 mAP R-1 R-5 R-10

ECN! 10.2 30.2 415 46.8 8.5 25.3 36.3 0.1

NSSAPY 12.1 32.8 43.1 483 10.6 289 382 433

D-MMD!'! 153 344 51.1 58.5 13.5 29.1 463 54.1

ECN+GPPB* 16.0 45 55.9 61.5 15.2 40.4 53.1 58.7

MMCLP! 16.2 43.6 543 58.9 15.1 40.8 51.8 56.7

KNy &= K7 17.4 453 56.2 62.8 15.9 422 53.0 57.8

ANFEEFIFEAE MSMT17 HSEREE R 1 R,
A 8 At W R bR 5% UDAPY,
MAR! ECN!', cDS™, UCDAP!, sAL!", Dyt
A1 NSSAPY; 2 Fofvit it 45 KUK SE % (115593 CR-GAN!®)
A PDA-Net!"; 3 R i %t 55 53 ARNP*L. D-MMD!'!
I PAUL!', Hrf, CR-GANYE DukeMTMC-RelD
2 AL 3] Market1501 ] mAP F1 R-1 RILELF, AL
BOREM 2R B 24 KT CR-GAN', i H mAP
PErE 2.3%, R-1 #25 0.9%. EXFESE Market1501
2 4L %] DukeMTMC-RelD FI45 H 1, A SCHE LRI
AT, AR A R BT DCIP AL mAP $2
T 1.5%, R-14RE T 3.4%.

% 2 4 DukeMTMC-RelID £l Market1501 435
ZALE] MSMT17 HsEIRss . MSMT17 HE4EA
THE M EZ HIRGS A E L, BRELEES
AEAE B AR R RIS S5 1 B 1 e, SRR BLE )
5o, MEEEROR . 53 2 PERERAL I MMCLP 592
A, A SCHEIEE DukeMTMC—MSMT17 | mAP
e 12%, R-1 & 1.7%; £ Marketl1501—
MSMT17 I mAP #275 0.8%, R-1 42 1.4%.

3.4 HRASELG

KA 5B BALE DukeMTMC-RelD % 4
FHET RIS, SR )5 7E Market1501 B4R 4 AT
R F,  f fa 38 S50 40 Sl B IS Rl 2 %30
3 FVRFAE AL FE 53 HL (A 2801

TETRINATE A& 2, 2 A Sl st e
IR E Cnal(1) ko IR B R A

. Wk 3 Fin, ARRSEE 2 I
Baseline iR AAERGR LA it s, (B4 E g — D
KES B, AEFRITME TR, IR K2
RS — Se S B 5 o AR SCHE R Q) TS A R IRz
B X A 0% 2 R BE AT Rl A I, 0k BORR Z B B
O =3 15 BRI SL 0 45
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: mAP R-1 R-5 R-10
E=1 53.7 759 86.2 90.3
E=2 55.8 78.1 87.9 91.9
E=3 56.3 78.6 88.7 92.0
E=5 55.7 76.2 84.4 89.6
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mAP R-1 R-5 R-10
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2 54.4 76.9 88.0 90.4
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X T IR RTREAAR G AL, AT 43 TG SRl R
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STIR AR R TR : mAP #2751 4%, R-1 425
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mAP R-1 R-5 R-10
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Baseline-+iB 18 iff Sl & 53.8 77.1 87.4 90.3
ESa A7 56.3 78.6 88.7 92.0
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