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Cross-domain Person Re-identification on Adaptive Fusion Network

GUO Ying-Chun' FENG Fang' YAN Gang' HAO Xiao-Ke'

Abstract Unsupervised cross-domain person re-identification aims to transfer the knowledge learned from labeled
source domain to unlabeled target domain, which has attracted wide attention due to its practicability and effect-
iveness. Cross-domain person re-identification based on clustering can generate pseudo-labels and optimize the mod-
el to make its performance better than other methods. However, these methods rely too much on the accuracy of
clustering pseudo labels and ignore to deal with pseudo-label noise, which leads to the continuous expansion of noise
with network iteration and affects the robustness of the models. To address this problem, this paper proposes a
method based on fine-grained style transfer and adaptive fusion network, which uses dual network structure to learn
together and fuse the learned knowledge to obtain a fusion network. To treat the learning ability of the two net-
works differently, an adaptive fusion strategy is designed based on the different weights of the two networks in each
fusion process. At the same time, a fine-grained style transfer module is used to process the target domain dataset,
thereby reducing the sensitivity of person images to camera transformation. On the person re-identification bench-
mark datasets Market1501, DukeMTMC-ReID and MSMT17, the effectiveness of the proposed method was verified
by comparing mean average precision and Rank-n with the state-of-the-art methods.
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Fig.1 Adaptive fusion network model
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Fig.2  Fine-grained style conversion module
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Sr 15 2 1) T SRR A N W 48 I RTRE AL . St
AT 80 UEAR, & A EHE W E N 0.0001, FK X
(5) W E T o BB N 0.999, X (15) H1
WEBH g BN 0.6, Ay WEN 0.8, 23 HIHAE
Jy H ¥R Market1501. DukeMTMC-RelID #1
MSMT17 2569 Mini-Batch k-menas 2E5H 1)
FRANHBEE N 5004 700 F1 1500.

AR S HE N 1 FR. (BT R 2%
SHEWIG T I 2 15 BB EBAR ) S50

*1
Table 1

AR SCH B IE R P 45 AT S R R
The model parameter number of the proposed
adaptive fusion network

5K A

\\\/\l\

BB 23512128 x 2

Rl 23512128 x 2

SRR/ (MB) 89.69 x 2
fliThE KN (MB) 1199.45 x 2

331 S5ERITAERMGELR

AR AR B 5 2T B R AIAT AR
A SEREAT UL HUBOTVEEE: 1) BB A
JE A _F 52K (Bottom-up clustering, BUC)® F1%K
A AL 52 2] (Softened similarity learning,
SSL)™l; 2) Jo M B B Ik i) T5 i, AT 55 h B AR AR
F M2 (Multi-task mid-level feature alignment,
MMFA)®I, AriE R Bk &5 @ M-S IR L 52 > (Tra-
nsferable joint attribute-identity deep learning,
TJ-AIDL)M, HeJ- 22 J i de K-V 3 72 462k (Dis-
similarity-based maximum mean discrepancy loss,
D-MMD) " = 56t 2% 2] F1 22 W0 AR A8 G 2 ) 2%
(Triple adversarial learning and multi-view ima-
ginative reasoning network, TAL-MIRN)®" (3T
oy AR T ) HIE ML M 2% (Adaptive
transfer network, ATNet)" LI LRERA SO P
W2 + & Kl (Similarity preserving gen-
erative adversarial network + local max pooling,
SPGAN + LMP)™., F:#4—[F#)%>] (Hetero-ho-
mogeneous learning, HHL)!" (J&T GAN [1777%);
YA NI A8 A M (Exemplar-invariance, cam-
era-invariance and neighborhood-invariance, EC-
NV, Z 4525275 ) (Multilabel reference learn-
ing, MAR)™ (ZE T4 METHREAITI%); Ll
Bt & S AT N E AR (Unsupervised domain

adaptive person re-identification, UDAP), 7 H
i 3E A SR AE R T 0 B AR L (Part-
based convolutional baseline-progressive augment-
ation framework, PCB-PAST)® . H AHLE 5341
(Self-similarity grouping, SSG)P0. 34 H 5 5
(Augmented discriminative clustering, AD-Clu-
ster)?' [P HESE (Mutual mean-teach-
ing framework, MMT)®), £ % 5% 3k fili X % ) 4%
(Multiple expert brainstorming network, MEB-
Net) " BIEFRZEIEFE (Soft iterative label clus-
tering, SILC)!"", XU B #2128 % 2] (Dual-
stream reciprocal disentanglement learning, DR~
DL)" B J ¥ i sURAE R 52 1K) 5 I 2k (Self-train-
ing with progressive representation enhancement,
PREST) ", HA R A ICIZH B D5 b 5 HE 42
(Self-paced contrastive learning with hybrid me-
mory, SpCL)". Z 45 KAk ¥ 2] (Multi-loss op-
timization learning, MLOL)™\ A#f e P 5] T g
7 AN 2% (Uncertainty-guided noise resilient
network, UNRN)U (FEFHRRH L), “ARHT
%+ AWM RSO [46]) ASCHER [47) BIE K
N, FIH Kullback-Leibler (KL) HU% 550 44 45
R PN 0 45 R ANTff e 1, SR 5 ) AN S Mok 4
WA R RB T B BT B B 5 VR 2 TR
SCHERAT R, o B T VR CE T B s A AL
7E H bR s 4 L BEAT 25,

% 2 JE7R T 4F Market 1501 1 DukeMTMC-
ReID ##a4E FRSEIR S5 . 13k 2 W LAE Y, 7ESE
56 vHE Al e b T B i del g vk AR T G MR T
Forp R Y SR BRI T i B 5 38T NS R AHEE T
Fifth 3 N0 W BF B AT N B 0 SVETE B A b ATk
BB AERCR. Wk 1 P, H Lk DukeMTMC-Re-
ID fFiIK, Market1501 1 H RIS, A ST H)
mAP £ F| 1 79.1%, Rank-1 & F] 1 91.8%. 4L
Market1501 {EJI%, DukeMTMC-RelD 1 H Frisk
I, ASCTTVER mAP 53] [ 68.5%, Rank-1 & F
T 81.7%. X H1 T A< SCHFilt 1 o 238 A2 B AR 47 b 411
il 7 Dy bR g s BT LART DA SE A ROt A O AR as 25
IR, [, SR 2 T 400RE R B XURS B R e ] B
TE 58 ARAHALEUR A B 1) B9 78 B 4R, $2 T 1
R e . A5 2R A XN 26 5 46 R AR LR ) 2k
it b 0T 453 2R NN AN 5 M 1) 22 S 240 SRARE A A5 2R A A
AR T Bk RERTE, #E L) Market1501 1 H b5
11 DukeMTMC-RelD 1F B ARSI, “A 7% +
ANHENE” I mAP 73 RIS F] 1 79.9% 1 69.8%,
Rank-1 73 5iAF] 1 92.3% 1 82.1%.

5 SpCL J kAL, AR5 1AE Market-to-
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# 2 {F Market1501 1 DukeMTMC-ReID -5 F 3 ik HE: (%)
Table 2 Comparison with the state-of-the-art methods on Market1501 and DukeMTMC-ReID (%)
. Duke-to-Market Market-to-Duke
ik mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10
BUCH 38.3 66.2 79.6 84.5 27.5 474 62.6 68.4
SSL®! 37.8 1.7 87.4 37.8 28.6 52.5 63.5 68.9
MMFAP 27.4 56.7 75.0 81.8 24.7 45.3 59.8 66.3
TJ-AIDL!M 26.5 58.2 74.8 81.1 23.0 44.3 59.6 65.0
D-MMD* 75.1 89.5 95.6 97.1 62.7 79.3 89.3 92.0
TAL-MIRNF 40.0 73.1 86.3 — 41.3 63.5 76.7 —
ATNet!"™ 25.6 55.7 73.2 79.4 24.9 45.1 59.5 64.2
SPGAN + LMP!" 26.7 57.7 75.8 82.4 26.2 46.4 62.3 68.0
HHL" 31.4 62.2 78.8 84.0 27.2 46.9 61.0 66.7
ECN 43.0 75.1 87.6 91.6 40.4 63.3 75.8 80.4
MARM™ 67.7 81.9 87.3 40.0 67.1 79.8 84.2 48.0
UDAP™ 53.7 75.8 89.5 93.2 49.0 68.4 80.1 83.5
PCB-PAST®! 54.6 78.4 — — 54.3 72.4 — —
SSGE 58.3 80.0 90.0 92.4 53.4 73.0 80.6 83.2
AD-Cluster?! 68.3 86.7 94.4 96.5 54.1 72.6 82.5 85.5
MMT-500 71.2 87.7 94.9 96.9 63.1 76.8 88.0 92.2
MEB-Net" 76.0 89.9 96.0 97.5 66.1 79.6 88.3 92.2
SILCH 61.8 80.7 90.1 93.0 50.3 68.5 80.2 85.4
DRDL™ 42.7 76.8 88.5 91.6 43.2 65.3 76.9 82.2
PREST!® 62.4 82.5 92.1 94.9 56.1 74.4 83.7 85.9
SpCLH 76.7 90.3 96.2 97.7 68.8 82.9 90.1 92.5
MLOL™ 70.9 86.6 93.1 95.1 69.8 83.1 90.8 93.0
UNRN! 78.1 91.9 96.1 97.8 69.1 82.0 90.7 93.5
HITTE 79.1 91.8 97.1 98.2 68.5 80.7 90.1 92.6
AT+ AHIENE 79.9 92.3 97.4 98.3 69.8 82.1 90.5 93.1

Duke | IR RIS, X2 H T SpCL Xf YR
H sk b BT o] S BT 9w 05 DL 2E S HRRE, (H
T IK R FE 2 o LT B 6 ) PR A 75 UK 265 45 44
1) FE Atk L R AN 5 1 20 IR O BR L) AR ST
%+ AHEME T, BT Rank-1 Z 4MNA FTiRTE,
H mAP It SpCL & 1%, BB T R H A i 15 45
R RBHAT 29 0] LA R AR Dy bR 2 M 75

MLOL J5¥:7E Market-to-Duke | 5256 2% I #5;
Uf, AR AE oAt S8 A () 3R 3 A R T K T A
7k, ik 3 Fias, SpCL Al MLOL 7£ MSMT17 %1
P b AR AR S5 T B IE 1 7R 3 1 SR PR

Rt — B IR A S R R R, AR KR
L BLSE 5 MSMT17 $di 4 L ilk4r 7528, % 3
NTE MSMT17 Hi4E 4E L st g5 . 24 DukeMT-
MC-RelD #HEHEAE ARSI, A7 mAP ik
F] 30.2%, Rank-1 i5£%] 60.4%; 24 Market1501 %4k
A NIRRT, mAP X% 29.4%, Rank-1 ik |

59.6%. 1£E AP KA H s £ MSMT17 |
() v 1 e R IEE — 2R BH 7 A ST VR IR e, T
38 3 AN A g e 4 R R B AT 29 SR R FEAE MS-
MT17 B 4E L B8 T ErA 8k, Duke-to-
MSMT17 #1 Market-to-MSMT17 f) & g # A
FrieTt.

3.3.2  HEASLIE
N AN ey ANEZY TR S OY RV = B
Rl A SR DA S RS B e 4 AMSEER K45 251, 7E Mar-
ket1501 Al DukeMTMC-reID #4545 k4T 7 Wmt
SCEG ) SIS R AR 4 P, B RR R B AR
e £E BB AR YRS ) T SR 2 B AT I 2k
T AUE BT R AR 25 it AT I 2. F oA
KU 28 25 1) H %A R A E & B RlG SRiE, T S5
SEIRREAY . A DN IE RIS G, S AR XA B
AT w RN IR

TR RS SR F SRS B
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Table 3  Comparison with the state-of-the-art methods on MSMT17 (%)
N Duke-to-MSMT17 Market-to-MSMT17

ik mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10
ECN 10.2 30.2 41.5 46.8 8.5 25.3 36.3 42.1
SSG 13.3 32.2 — 51.2 13.2 31.6 — 49.6
MMT-1500% 23.3 50.1 63.9 69.8 22.9 49.2 63.1 68.8
SILCH 12.6 33.1 45.2 48.0 10.9 27.8 38.1 45.8

TAL-MIRN® 14.2 39.0 51.5 — 11.2 30.9 43.5 —
DRDL!"™ 14.9 42.0 53.7 59.1 14.7 38.6 51.4 57.1
PREST!* 18.5 43.8 57.5 63.6 15.9 37.8 51.8 57.8
SpCL! 26.5 53.1 65.8 70.5 25.4 51.6 64.3 69.7
MLOL!"™ 22.4 48.3 60.7 66.1 21.7 46.9 59.4 64.7
UNRN! 26.2 54.9 67.3 70.6 25.3 52.4 64.7 69.7
AR T7 30.2 60.4 73.3 77.9 29.4 59.6 72.8 77.5
KRILTFiE + AHiE 30.8 61.0 73.9 78.3 30.6 61.0 73.7 78.0
4 fF Market1501 f1 DukeMTMC-RelD LRI @l (%)
Table 4  Ablation experiments on Market1501 and DukeMTMC-ReID (%)
. Duke-to-Market Market-to-Duke

ik mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10
IERER G 31.8 61.9 76.4 82.2 29.9 46.2 61.9 68.0
R 53.5 76.0 88.1 91.9 48.2 66.4 79.8 84.0
KRILT5VE w/F 74.3 90.2 95.8 97.6 62.9 77.1 87.9 91.5
ATk w/(F + T) 77.6 91.5 96.8 98.1 66.3 79.0 89.6 92.3
AL H: w/(F+ T + A) 78.2 91.7 96.9 98.1 66.9 79.9 89.7 92.2
Ak w/(F + T +S) 78.9 91.2 96.8 98.0 67.5 80.3 89.9 92.4
Ak w/(F+T+A+S) 79.1 91.8 97.1 98.2 68.5 80.7 90.1 92.6

EMNFA, BT CF + A7 RSO0 FORH E I N
HIRWE. Ak, dIRLEE RS A R XN 7R H bR
AR AR b i S FH TR SR TOUI 2R Y Rk
SEUGAE B T B H OB R 4R 5 L SRS AR AL
T2 . R SR DA R XS e A B — MRS ER B 1) A 8K
P B AT 2 [RIAH B2 A B R SR FH UK 4% 45 44
MR MER R A LL T <2k 3 B RIE R 3R T, 2
J& DA 25 235 g R Atk 23 30 0N 38 o7 5 AR
2210 V- S5 R TR RN A0 R XU Bt F0 A TR 20 A A 10 A A
Kt —SE R A, &K, K 4 MBI
IR B T i LI RUR, mAP N 79.1%, Rank-1
N 91.8%. EIFER AL, A SCH) A B st dh ]
DLAE R — AN B R R FH T 34 5 B 28 X A B
KGR (B P, 0T [ — 3R 48 R/ kAT —
YRR % 6 RV AT 7E J 82 1) S 56 R 22 WS
3.3.3 BSOS

NS R TN G T E TN e
A BRI Z L \ig « PHT = TR AR S =

TCLH AR RS E Ny ~ Mini-Batch k-means 38
FIEREA R EERE R ESEBERE E. BN
T, AR —ANESEIFIRS 5 AR S e AT

3 b 72 (15) HASE T N HUE X 5256 45
REIFEm. 29 \g = 0 B, FRoRASCTE R N A
EXIEIR 2 Ng = 1B, RORA ST E R N AL
XfEase. \TLLE M, Ng BUE 0 8L 1 1) sese 25 R
HB A B AL AF, 33X 3 B (AN 58 S48 2k Al
A& SCIEAR I B 06 ELME | AIE BH fib A P 28 AR R () R
PE. 2 Nig = 0.8 I, ARSCHIRYIE B 1 B i tHEF 2R

Bl 4t 73 (15) AR Ay BUE X S5
SRR, 2 Ny = OB RoR AN HEE =02
MR P N =10, RORR M =0 k. 4
Airi = 0.6 I, ARSCEIARLA R | B =y IR 2R, 7218 5
PR T AS [ A SR S B R A 0o SIe T & SR P R
31T Duke-to-Market A1 Market-to-Duke Ff)SEZ56:
I, BERHCEA 500 A1 700 IR RS ORI . 43k
4T Duketo-MSMT17 #1 Market-to-MSMT17 )52
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100
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748 761 GESmh 90
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T2+ \ S
= = 80
o674 682 -
! 2
< = 70
g 5ol &
1ol ® - Duke-to-Market 60kl —®- Duke-to-Market
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Fig.3 Evaluation of different values of ;4
80
i S-S (1) B et 91k - " 9lR T m—e--ra
L7822 785 : 87784 910 911 o 909 913
S T 88t
=~ 74| | - » - Duke-to-Market = - ® - Duke-to-Market
% —o— Market-to-Duke é skl Market-to-Duke
=7t z
a4
68.5 68.6
67.8 68.2
63675 675 s2f 807  gg3 802
791 99 795
65 1 1 1 1 79 1 1 1
0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
A A
34 64
33b[-*- Duke-to-MSMT17 63k - Duke-to-MSMT17
39 —o— Market-to-MSMT17 o —o— Market-to-MSMT17
< g
8T 30.2 ~
[ - :
=3t w298 300 =
8 &
57 1 1 1 1
0 0.2 0.4 0.6 0.8 1.0
A
B4 A BUEVPAY S5

Fig.4 Evaluation of different values of A:p;

B I, SERBOE N 1500 B AR %R fe e
3.34 BRBEZEMLL

FEFE T BRI B AT NE RT3, RKE
EHIBOR S I S5 R A HERR R B LE R &R, BIIESE

SRR MY, i g R AErf Folm . RIEIER
R, JESE Dy AREE B AT (e 75 /b, AR
GO E 5 2. N T IR TS R B SRR
2R A SO RS ({5200, £ AT % Mini-Batch k-



2754 H o o E R 48
95 100
90 | - ® - Duke-to-Market - ® - Duke-to-Market
g5 - —o— Market-to-Duke 9 91.8 —o— Market-to-Duke
. S .~
st 91 = 90t =—
) —_— : == ~.85.5
<75f T73.L.- -2 B8 g5l 837~ SE==——
=] L4 é '
ok — 68.5 = 80.7
65 L ; 80 F 78.3 7.6
60.1 76.1
60 1 1 1 75 1 1 1
300 500 700 900 300 500 700 900
RIHE RRHE
70
38 - o - Duke-to-MSMT17 68 - ® - Duke-to-MSMT17
—o— Market-to-MSMT17 66 —o— Market-to-MSMT17
S & o
33t —od
[l 30.2 L 62
= 289 w295 2 ol 0 5o
L ~
28 5k
56
’s 238 , , o Y548 . :
500 1 000 1 500 2 000 500 1 000 1 500 2 000
PES e pES e
K5 REEEEPUE PP L5
Fig.5 Evaluation of different numbers of clustering

means. k-means F1E 5 PREE T 3% B (1) 23 [a] 5
W FT (Density-based spatial clustering of applic-
ations with noise, DBSCAN) R F LT 17X
b, sEESgs Rk 5 pros. N 16 Ees Y R AN A
FRRFIEMNEEESE L ER, £ 5 EBx A
KM Mini-Batch k-means. k-means Al DB-
SCAN FREIER B AR B IE HEE (s). i
F Mini-Batch k-means B, k-means $EISH VLR, P
F WS HER R M ZE A K, k-means RS I T
Mini-Batch kmeans, {2 kmeans FfT 7518 17 i 8] &
F Mini-Batch k-means. 2/} DBSCAN KK H
15H), 7 Duke-to-Market SZEGH mAP A% T
80.1%, Rank-1 1A% T 92.3% ;1 Market-to-Duke
LI mAP JEF] T 69.9%, Rank-1 1A% T 82.1%.
ML T Mini-Batch k-means % k-means, SZ5
HER %A 5 R 4T, (22 DBSCAN i iz
B 8] 1 42 37 & T Mini-Batch k-means Fl k-
means [¥]. HT-X%F 12 S50 (] (1) 55 [ A HER R 25 &

Z 8, A HALK F Mini-Batch kmeans #F47T5256.
4 HRIG

H BT HE T BRI B AT N E U 771 AR T3
FA PR IG5 ) i, T BUBE R AR TV RIA A A
BAT NF AR 775K A SO H T 4R R
&S 480 1Y) 1 3 L R P 285 77 SR FH KU 4% 65 ) 3
[F] 2% 2, FERERUN 2 E AT B & Rk, I RS 5
(A DX 285 M B XU 25 11 2. TRTERE, oA T A ke 2 i 4 1
G AU 11 0] A, % E s dak AR A7 4k
()RR e 46 4 3 4 I ()9 78 H AR 38l 2 N H T
Yk, SIE KT REME AL, AR
HEAS 7 m e 2R . E =AM T NE R
4 Market1501. DukeMTMC-ReID. MSMT17
LRSI S R AR T A SCTENA M. Kok
W TARR 5 8 AT 2 A RN M B R 5, LA
REASE AN [F) I 25 W] DL 2 > 148 b 58 B AT 22 7 M i
W, G FRAGE B R, 80 D bR 2 75 (R R

®5 o ORREIEXLL

Table 5 Comparison of clustering algorithms
- Duke-to-Market Market-to-Duke
TIE
mAP (%) R-1(%) R-5(%) R-10 (%) EBFHNIA (s) mAP (%) R-1(%) R-5(%) R-10 (%) BT (s)
Mini-Batch A-means 79.1 91.8 97.1 98.2 811 68.5 80.7 90.1 92.6 908
k-means 79.3 91.8 97.2 98.1 1472 68.8 80.9 90.1 92.6 1669

DBSCAN 80.1 92.3 97.4 98.4 3224 69.9 82.1 90.7 92.9 3643
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