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Abstract: Objective Occluded person re-identification (Re-ID) aims to match individuals across non-overlapping camera
views under frequent partial obstructions, presenting a formidable challenge for intelligent surveillance and public secu-
rity. The core difficulties stem from the dual problem of discriminative feature loss in occluded regions and noise intrusion
from occluders. While considerable research exists, prevailing approaches often remain trapped in single-view paradigms,
struggling with inadequate modeling of channel-wise feature importance, overfitting to the most salient areas, and the
absence of mechanisms to enforce feature selection stability amidst severe visual ambiguity, collectively undermining model
robustness and generalizability. Method To holistically tackle these issues, this paper proposes a novel Multi-view Gated
and Soft-regularized Network (MGSR-Net), a synergistic learning framework designed to enhance feature discriminability,
diversity, and stability. It operates via an efficient single-view inference branch and a robust multi-view regularization

branch, sharing a common Squeeze-and-Excitation ResNet (SE-ResNet) backbone for channel-aware feature enhance-

Y5 B #5:2025-11-14; 1& 5 H #7:2026-02-03

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

ment. The first innovation is the Top-k Saliency-guided Contextual Erasure (TSCE) module. Moving beyond naive random
or destructive hard erasure, TSCE employs class activation maps (CAMs) to intelligently identify the top-k most influential
spatial regions and applies a soft suppression, strategically attenuating their dominance to force the network to learn from
secondary, complementary regions, thereby actively combating overfitting and promoting feature diversity. The second cor-
nerstone is the Gated Regularization mechanism, which imposes an entropy constraint on feature channel selection prob-
abilities to encourage a sparse, stable selection, ensuring the model consistently relies on a robust set of core channels
under noise. During training, features from multiple views are processed by TSCE, weighted by stabilized gates, and
fused. A Feature Alignment Loss distills this robust multi-view knowledge back to the single-view branch via L2 distance
minimization, enabling efficient single-view inference. The total loss integrates identity classification for both branches,
the alignment loss, and the gate regularization loss. Result Extensive experiments validate MGSR-Net’s efficacy. On the
Occluded-REID dataset, it achieves state-of-the-art performance of 83.4% mean average precision (mAP) and 92. 8%
Rank-1 accuracy, surpassing the previous leading multi-view method MVIIP by +1. 7% mAP and +4. 8% Rank-1. On P-
DukeMTMC and Market-1501, it achieves 89. 3% Rank-1/ 77. 6% mAP and 95. 0% Rank-1/ 88. 0% mAP respectively,
demonstrating leading performance and successful knowledge transfer. Most impressively, on the large-scale, multi-scene
MSMT17 dataset, it attains 89. 6% Rank-1 and 71. 4% mAP, outperforming MVIIP by +5. 7% Rank-1 and +10. 0% mAP,
underscoring exceptional generalization. Ablation studies confirm the contribution of each component: SE-ResNet brings
foundational gains; TSCE is pivotal for diversity; gated regularization ensures stability; and the alignment loss enables
effective distillation. Visualizations further show MGSR-Net generates more holistic and adaptive attention maps than com-
petitors, effectively shifting focus to visible regions under heavy occlusion. Conclusion This paper proposes MGSR-Net, an
integrated framework that innovatively combines channel enhancement, saliency-guided soft feature perturbation, and
entropy-constrained feature selection stabilization within a multi-view learning paradigm. It effectively breaks the single-
view bottleneck, mitigates overfitting, and ensures robust feature selection. Extensive results on occlusion-specific and
large-scale general benchmarks demonstrate that MGSR-Net sets a new state-of-the-art, offering superior discriminability,
robustness, and generalization. Its design philosophy provides a valuable direction for other vision tasks plagued by partial
information loss. Future work will explore more adaptive multi-view fusion strategies.

Key words: Occluded person re-identification; Discriminative feature mining; Channel attention enhancement; Saliency-

guided erasure; Gated regularization
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PE AE Q0 R B RR IR K s |, )25 i AR 2 ) A2
AT ATREDI A TR . TER ZRIEPI 50 X iR
e ZFEMEAT B = A B 29 S, B0 ] R DL AE AN [R) 40
£ TR Sk R — g fe o H— By 20 AR RRAE , 2F 152
e Z2 40 Tl 5 ) e 30U

S ASHESL ] ACT T E AL . X T
WA VEZ TAEREE 29 SR T 43 2t AR T35
B 3 HUR AR AR R A B R,
A% 2 380 2ok XS AR ] 2 e A B T T4 AR 23t i A 24
AR RS A T s AR, R4S 2 Bk
TH PR B R B 0 B 1, DT 7 RN A4 £ 2 1 4 7
PEPEM A 2

D FHIE 46 5 11342 i 158, X 28 TSCE
Qb PR IS BRRIE Fo, R A7) U A W AE (generalized
mean pooling , GEM) F4{t JH—1k (batch normalization ,
BN) , ¥ H R 45— DRk m i £, e RS B ¥
IZFHIE 7] S A o S AR I A 422, R FRAE IR
SERE N B ON A N E ST RN TRE o R a S (1 =N S E
EHHN g,

XFETA CAS B TE AT ] PEAELV ] Softmax pREY,
B — A B PR pr, ARSREE j A A 8 3
PEATHEA «

[

P = _owlen) (7)

kzl exp(gl,)
XTI BRAZ [ 185 1 b=y > R AE I 3 (1Y)
LA, 1 AR AR [ 0 (R B 2 E AR R R
Je LR E AL 20 AR AR AL T T b i S
2) FEAE AL S5 Z2 00 ff R« RSP0 1 L
FEREZ X TSCE 385 A RRAESEA T INAL , 26 G A
BN R 0, , € RC:

c
0i, = ZPJL:,L» - Fy (8)
j=1

P Fo) oK Fr 0055 j A I8 8 (R, X Fh T2
AU AR IEE R, H B AR TE T RS A T et
SE IR EF IR IEAR B, DT 22 A B PR PR 4
TR AR B R B T, BRIR TR SR 2
Filt A rh &AL A TR % A1 2 HE e 5L R O B R AR
g

3)Gate Mask Loss : A {ff L iRk e 261 F B A
H—3, % Z AR TR pl, Al 8 T i A
SE , PRI 0 2 A AR Y IE AR 2% L,

1<

L, =—
: €5

[P, - log(pl,)+ (1 =p)-log(1=pl,)]

(9)

AR R B /IME BTl p) B T 0 1,
LA VE T 43 285 R DA AR T T 15 1 o v
PR IR] 3 B0 A AR 45 2% 1 R AE 3 18 1Y)
WERRAER , b HAn 2 bR Al E R 5 2
W 22 B) A BSERR S, DTS A E i i R AR B
2.4 EEABREREMKEBIR

K Z2 AR 43 S B BE SR ACRAT RS 48 e AR B
FA ) 3 (Hinton %5 ,2015) , AAHESLR ] T 5 AE X
FEHC AT R AL B DR A AR S RE ARy 27
2] 2 TSCE 51 & E WAL Ak 5 S R RRAE , NI 75
NGB A B RTEE T, 4k R A 15 )
HeEmh,

X FRRLA P S A v, S TR,
$z 38 37 GEM+BN 15 2] iz 4L f1 1) 3% 28 45 1F 1) &
[ e R€,

X 220 o3 Hod A R il B S A RRAE
F." 254 —K GEM+BN J5 /532 iy ) & £, e RC.

308 3 5 o) 22 A B S RAE 1) B AR A FE Lk R AE
I CERTE AR BRI EG & W TR
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v PR, O SRR
L= If" = fll, (10)
Do) 26 1 S AR I A 2k bl AT I8 2944 kG, S8R
T 245 EAL -
L=L,+ L5+ AL+ AL, (11)
A
Ly: B0 AR 53 S0 5 0 o R (38 XA
)
Ly ZO50 3 0 3 KKk GHET £ -
L,: A MAAAE AR R m 3. Hrb v
PRFAEL:

1 <&
L = VZL (12)

L, [T IENEAR K

Ay A S PR A IO R AR T A 20

TEMERLR BE, AR HIZ LA 23 52, AUKEE SRR £
G AR BRAREIR  fHLS, TR R . 1% R AR
R BOR B PERE R SR b A R RCRATS S T i
T EREF IR — Ko

3 3L g
3.1 HIEE

“hy 4 T B MGSR-Net HE 28 (1) 1 58 5 17 fL RE
77, AT T IO AT AR M A B S A T &R

1) Occluded-REID (Jia 45 , 2020) J2 &[] &1 X% i
PiAT NI 55 09 % B 4, A5 2000 7K 5]
&, 200 AN By o BT R YR A A 25
W5 AT N Bz 20N R AR P . RSy
A S SR NZRIEG AN S sk IR G . 2B S 1Y
S S I A P E OO, S I AL AR Y AR R
JAE N A R R AL T AR 5

2) P-DukeMTMC (Zhuo %5, 2018) /& %E F Duke-
MTMC #4) 2 B F B 3 P4 RO 4 | 3l 5 iy AT
N 2P B TS BEATLEE P e, AL R B A5 AR IX
BRI L. BRI 16,522 5KIZ A
%5 19,089 sk E & 31,404 D F Ay 35 T
VEAGASE R XTS5 48 A5 BGIHE Y P IO 12 o

3) Market-1501 (Zheng %5 , 2015) J& 47 A E 551
TR 2 BRI AR L A0 32,668 TR IEME VW
1,501 54y, REH 6 MFk . REHAELT]

BT, (0 52 B R A 5 38 43 F AR R 1
O, B AEVPA LR B )y A A AT AU S5
R TERER I

4)MSMT17(Wei %5, 2018) J& H B ML e K .37
SR ARMAT NFEFGEIE R Z — 7 126,441
TREMR W K4, 101040 B0y . ZEIRERE AES
15 A EAR P AR el W45 R 400, 78 i AN (] (1) i (1]
BOMRASM B soh WA & T R Y
PIFEAR , A& 5 0 B Z R RIER E 24 | bk
A R AE AR S Je 37 50 T iz A bEfe
3.2 ZWigE

T SIS I HE PyTorch TR i 27 S HEZL R 528, fiff
JH 85K NVIDIA RTX 3090 GPU 3 47 Y1l 25 A1 32,
BT M 4% % 1 SE-ResNet 50, HAUEAE ImageNet £ Ji
£ LTIl vl in k. A R 5— R
256x128 18 K o Ik M Be ok B AL B | 35 70 Fn R
Y SRR R T

Ak £83% H Adam (Kingma F1 Ba, 2014 ) , ¥ 44 #
) RBEE R 3x10 4, IR A X R kK 1 (Loshchi-
lov 45 ,2017) AT IR, 7655 40 1 70 Fe R 472 )
R, b K/NEE N 64, B & 84~
FEA, B B 8 sk MG, L rh ik PR R — B 1Y
45K AR LA R T 20015 B G . BOR Sdtk
Y25 1201 epoch, B 54> epoch FEAT— IR PERE A

TSCE B3 v 948 BR LL il p 2 B R 0. 2, T2 1A
Fa N 0.3; ZAE 55 i 2K sR A YA R B
H:A,=0.007,1,=0.01, AL REYLA 2 E
R WYLIVSEY SUECE:

W B B R FH 35 4 A8 S DA AR =, I 2l 5 e
By B AR 8, AU S A 43 S A TR AR 4
e, PR PR ALAE T YR FE YA (mAP) T AR DE BT
ek il 2k (cumulative matching characteristic curve,
CMC) 45 B IR 22
3.3 XfEERI

f£ Occluded-REID %0 #5845 L 09 45 R . T
Occluded-REID £ 45 SE AL AL /N, B — LB 45 2L 5 37
BEMLYE Shsgmm o Sk, FRATT™ 48 2548 L E 7 Sl 43 B
] (Zhuo % ,2018; Zhao % ,2021) #E47 T 10 YAl 7
S IR P PERE R AS SO ik AR FE s, LA
P e 225 HA v % e ) ] e S et S

W 1 7R, Rank-1 #E#0 2 R 92. 8%, b
WE22 M 1. 3%, 45 UK SE 56 25 4T 7E 89. 8%-95. 0% 1

© h[E KR KL AR



X, BEEN, BER, BiNR, TER
EEMES| SER S EENLREST AFIRS]

Bl 8l 10 ST 5256 7E Oceluded-REID £4f 4
R R E .

%1 Occluded-REID $#E%5 F 10 X RWHILE R
Table 1 Results of 10 experiments on the Occluded—REID

dataset

Occluded—REID

B
Rank-1 Rank-5 Rank-10 mAP
92.4 97.4 97.8 83.2
89.8 96.6 98.2 83.2
new_0
new_1 93.0 98.4 99.0 83.0
new_2 92.0 98.4 99.4 81.4
new_3
new_4 95.0 99.2 100.0 86.0
new_5 93.2 98.0 99.8 82.8
new_6
new 7 93.8 98.8 99.4 85.0
new_8 92.4 98.8 99.8 84.4
new_9
93.6 98.4 99.2 83.1
92.8 97.0 98.0 817
average 92.8 98.1 99.1 83.4

E IR A B8 iR A (E

Bt 5 3 AT7E Occluded-REID $4E4E 1, 5 2 5
S SCHER 8 FP T L AT T X L, A5 RN 2 R . A
BT AT B B9 22 WA DT i MVIDP, AR 7 i AfE
Occluded-REID I Rank-1 fERfF M 88. 0% i} %42
Tt % 92. 8%, 3% & W] MGSR-Net 2R I i) 38 3 {2 5 )
B 5 TR WAL LI 7 2 WA 15 B RS SRk b
EEAALH

5 GSE-Net (graph semantic enhancement net-
work) . GMFSE (3D-guided multi-feature semantically
enhanced network ) 55 FF1iE 34 5 B R AH HG , A7 HE7E
AT b 3% S B 4 iR A, S Y TSCE B8 fE
S| A SYAE R 22 VR AR D7 T B A R . AT
OGFR (occlusion-guided feature purification learning
via reinforced knowledge sistillation) ,ETND-Net (eras-
ing, transforming, and noising defense network ) 2§ %
VAT R S AR R AR L, AR Tk e ok o 21 i 14 P[]
I RESR  FEORRr S BCEAg [RI B, AR5 T B IR
PR

{6 75 1 500 J2 , 2 Al AR 9 MGSR-Net 7
Occluded-REID 4 46 I EL 2215 1) 92. 4% [ Rank-1
YA R 82. 4% 19 mAP {1 T A X L7 . £

ATTHEIEMAEHLE S , 58 B2 MGSR-Net* Y PE fiE
R HE— 25Tt

%2 Occluded-REID ##E%E I 5 LT &Rt 77 ik BIxTLL
Table 2 Comparison with state—of—the—art methods on
the Occluded—REID datasets

Occluded—REID

RS Rank— Rank- Rank-
1 5 o MAP
COFD-Net(Li %:,2025) 86.7 - - 795
MVIIP 88.0 953 977 817
OGFR(Zheng5%,2025)  86.9 - - 809

ETND-Net(Dong%¢,2024)  90.5 96,5 98.5 81.9

GMFSE(Ning%§,2025) 82.3 - - 79.9
GSE-Net(Wei %, 2024) 82.4 - - 78.5
LAF(Li%,2025) 87.1 - - 79.5
MAHATMA (Zhang 5§, 2025) ~ 85.8 - - 79.5
MGSR-Net 924 97,6 97.6 824
MGSR-Net* 928 981 991 834

T T RIS X Wik B R, " R AT
AR S5 (14 58 8 MGSR-Net BER, “ =" F7R 58 SCAR 7R AH
KA

fE P-DukeMTMC % #5 % F 9 &5 & . P-
DukeMTMC Jek 18 2 5 7 2R DL~ B 2 14 1) Jc 4l
8, TP 5 Bl P A IS MM . AnER 3 B
7N, MGSR-Net* 7E X B8 4 FHUS T 89. 3% Y Rank-
15 77. 6% H) mAP, # S ik LA MGSR-Net 7331 22
THT 1.3% 5 3. 3%,

55 251 7 A L, MGSR-Net*7E mAP 45 b5
b RBEAL, B3 BT ISP (identity-guided human
semantic parsing approach) . QPM (quality-aware part
models) 55 % [J4T X #7045 35 31 59 77 1, IR AE
Rank-1 48 b5 EORFFSUG, (UK T QPM. [, 407
2 R0 T R B 6 5 5 L L 4l PCB (part-based
convolutional baseline) . PVPM (pose-guided visible
part matching) ,PGFA (pose-guided feature alignment)
DL K B 4548 5 13 25 I HLHI B9 RTGAT (reasoning
and tuning graph attention network ) . X —%5 K0,
MGSR-Net AW I H S HEHS , 765 Bl £ 5 T 17
FER AR KA E T T .

P-DukeMTMC {9 EAIL 64 124 S M-, fi 7545 7

[
=
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FE AR U 25 T I AN [R] ()30 467 2K o 17 MGSR-Net
T TSCE A, AR 1) 2 1E 2 F= s il 4 iy e i
118 0 0 DX, 36 08 ) 4% o 2 RN B L At Vs A 1Y)
FEOVRRIE . X APHLATA 6 1 AR A Hh B AL R
R AT G P o RIS, 114 1 Ak AL o 4 £
T B AR S B A P AR AN [ B AL $24 A 7 ) e —
Bt SRE .

&3 P-DukeMTMCH#iiEE b5 LaT&R L ARSI
Table 3 Comparison with state—of—the—art methods on
the P-DukeMTMC datasets

P-DukeMTMC
Ik Rank- Rank- Rank-
1 5 0 "
PCB(Sun %, 2018) 794 871 900 63.9

PVPM(Gao %, 2020) 8.1 913 933 699
PGFA (Miao%§,2019) 857 920 942 724
RTGAT(Huang%$,2023) | 856 915 934 743
ISP(Zhu %, 2020) 89.0 941 953 747
QPM(Wang%#,2023) 907 944 959 753
MGSR-Net 880 931 942 743
MGSR-Net* 893 939 948 776

£ Market-1501 A1 MSMT17 %5 4 5 1= ) 25
Market-1501 7y 22 it FHACE £, JH T30 A T ik
NI P4 AT: 55 1] 5 FLAT N SHUIAT: 55 19 3T RS Bk
MSMT17 2 H A LA i K 37 5 5 B 2 9 A7 LR
SV — A& R A SRR REAS 3 B PTG S
RITE B A5 T iz AL RE

w AT P Y5 K AE Market-1501 Al
MSMT17 WA B 6 4 E TR S R . Hi, 58
HE LT A Market-1501 %0408 £ B IURE T 95. 0% Y
Rank-1 4% Ji 71 88. 0% [ mAP. H mAP 845 K iy
XF T s B iR, s LS SRS R R PERE
Rank-1 A% £ 1 5 4 i 2 B fiz ££ 9 BINet (bidirec-
tional interaction network ) £ % FIr £5 21| (1) 95. 7% = &
Feilr o BEA RRAS B4R B 7R I BOHE 2R b R RE R AR
filt, 3545 T 94. 6% I Rank-1 F185. 3% Ay mAP. 15[A]
142 1 B9 CENet (cross-erasure enhanced network ) | 5
FL #J OSNet (omni-scale network) DA M & F Vision
Transformer (ViT) f¥) ViT-base 5483 1 M 1L,
ZITE A JRAS Y eI Y B AL, X — &5 Rk

WY, M I X 34 37 5o B AT S A AR S =
FUAT NFEPUIE S5 B AR H PR BB R |, RO AR
R TR RRE R RE T RBL T O R AF B AT 55
NS O] RS P

FERBTTE K 7 5 T 24 i MSMT17 504 4E |
TIPS B T A AR, e R
27 89. 6% ) Rank-1 H171. 4% B mAP, FH4Z T HoAth
S IR ST ORI FE R R4 T

40, % LRI 75 Y CENet A58 | 5 BB 0 £
Rank-1 Fl mAP I3 BISH5E259. 0 F1 12, 6 4 H 43 455
5 [FFEFE T Transformer 4444 ) ViTbase S AUAH LE, HE
PR R 27, 8 F10. 4N A3 . X — ik
PRV Ty A T X B S A i A ) A SR
WY G RRAR L I 5 2415 S TR AR HL A& sk iy
R . SR RE MU AR R AR RO 4R L B T
86. 9% 1] Rank-1 £ 66. 2% ) mAP, HA%: fE £ 15 3 #
M AE TR R 2 B ik R R B
O BER A B B A FLAE 22 7 e it 1 s K i A s
AR

S TR AR 2% A AR AT N EE U
55 Fak B T 5K TEAE i B M O LS M R
KRIE Z e R T AR 3
3.4 HBERIE

TH Rl S 06 245 S 43R 5 TR, FATTLA ResNet50 4

%4 Market-1501 & MSMT17 ##E % 5 HpiRE#H 7
ERIRTLE
Table 4 Comparison with state—of—the—art methods on
the Market—1501 and MSMT17 datasets

Market—

. 1501 MSMT17

Rank—1 mAP Rank—1 mAP

CENet(Zhang %5 ,2025) 95.0 873 80.6 588
MVIIP 953 879 839 614
DRL-Net(Jia%F,2022) 947 869 784 553
TANet(Hou %,2019) 944 83.1 755 46.8
OSNet(Zhou%%,2019) 948 849 787 529
BINet(Chen%,2021) 957 872 761 52.8
DGNet(Zheng %5 ,2019) 94.8 860 77.2 523

Vinase(Dosovitskiy% ,2021) 947  86.8 81.8 61.0
MGSR-Net 946 853 869 662
MGSR—-Net* 950 88.0 896 714
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X, BEEN, BER, BiNR, TER
EEMES| SER S EENLREST AFIRS]

R FELRAGHY B NN SE-ResNet50 5 T R4 |

TSCE S fil 2 R e 1AL 2 A1 53 3¢
T FF % , 2R GE M H PAl BEA 2H A4 0 BTk

B G, B ResNet50 £ 4 4y SE-ResNet50 , Wi 5% 5]
Rank-1427F T 4. 6%, mAP#2 T+ T 6. 1%, X SE AR
rh 3 T R AL RE 8 A RO SR AR IR R R R T
X P E P IC

TE SE-ResNet50 JE il W8 il TSCE A8 5 , 38 2o
05 48 85 i B 3 DX, 3 (A TR G v 22 W 1Y)
W EFEAE , mAP F1 Rank-1 42 T+ & 93. 4% 81. 9%,
FHAEE TALH SE-ResNet50, TSCE #7257 1. 0% Y mAP
F12. 0% ) Rank-1 $£7} .

SRJG , 7E SE-ResNet50+TSCE At b B s fin ]

FERLHIE , PEREmS A T LB 1AL 1R R FRAE
VEPERR , 76 SRR I 25 25 5y 1o J3 TR A T R I,
i g A I RELS B .

B 5 S 0 22 A0 A1 3 S AR (8 % 55 45 R B
mAP NFET 2. 94 4. R = A 295
A 2 BN R R 2 2] B AH B vp 2 i R IE 20K
SN T R (TR e R

TMAXFEHUR G R T B R, 5L
i Z A A, mAPIR T T 4. 5%, 5 BT fy
SO HLAR R Y 83. 4% XIS UE T RRIEXT FE AL
B B IE A 2R S 2R B L a3, B R
T ASTRIR P 22 TRV AE 26 R ) — 200k, AT SE B0 T 15
B

&5 3 MGSR-Net &/~ A7 iH B
Table S Ablation study on the individual components of MGSR-Net

Btk Occluded-REID(new_0)
e RIS BRI X [T 257 POB R US Rank-1 mAP
ResNet50 x x x x 86.8 74.8
SE-ResNet50 x x x x 91.4 80.9
SE-ResNet50 TSCE X x x 934 81.9
SE-ResNet50 TSCE N x x 92.8 81.8
SE-ResNet50 TSCE N N 93.0 78.9
SE-ResNet50 g% N N 92.8 81.2
SE-ResNet50 TSCE N N N 92.8 83.4
VL AR SR S F R A S . xS B et & R (S 2L

Sy U TAE A T R W A X T A 4 5 A L
e IRATAECR R 10 200 4 X 5057 1 e 3
ZEATR , F TSCE R P2 4 Sy REHEE I, RIS 5 o7 IX 35
FRIEE S LA BN, R RA R mAP
h81. 2%, i KT TSCE FAM I 1) 83. 4% X —Xf
AT T3 b AIE BT A SO H 08 300 o 5 s 1 A R0
T R R s ] UG BRI B AR B N 2R
FE5 | FARY TS b2 o) 2RI BhARRAE

[ B, 38 28 6 b 22 40 £ 43 S T0 % 55401 % R o 3
MGSR-Net W20 5256 , FRATT Ak T % S48 2 (9 57 51
ik, BT SEH 2ok T 4. 5% B mAP 3 TF  UESE 1%
BEHLTE A~ > PR AL . A, SRR E T
L [T 1Y SE-ResNet50+TSCE+ 7] 455 11 B 0 &1 1| 25 ik
2, 5¢ %% MGSR-Net M 88 T % £ 4 7E mAP |2 7
1. 6%, iX — 22 #F B8 T 22 00 1E Wb+ 2848 7 2 4

X B P 5 A 25

ARSI R, S 2 o SR st
RORA R B 35 5 X0 55401 2k 45 6 T8 B8 5 MGSR-
Net Ji7 , BURS T Hef B8R PEfE . 7 — 28, 1095
PRPLRFIEIE PR R ) 200 A A S A it A W, =
ShAE G 1R A B SRR I 55 2 )i
S PrJE 5 WS AR A R ] BT 4 B A T
] 98— M1 L RoR , e &SI 20 {5 B A AL
=
3.5 SEHW

S YIE TSCE L rh S B T H 0 A B, R
TR LW R F o JEBR ELA9 p DL R il A LR B A
ST T R G U B, S A5 A A 3
Fiis o

K13 (a) 7R T 3 ek R 5 o XA 7R M BB 11 5 T

B
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G LR, Y a=0. 3 B8R R 1S 5 A mAP 5
Rank-1 P RE , S0 1iE 1 B IS 0S4 280vk . B B2
(18 AT 1] B8 it A AT 3 14 DX S s e ) []
WA AR AE R . Y a<0. 3 I, BRAF R o B S
HEBE TR 2 0. 3B RO A R A LA R
T XTI 1% 3 17 1

13 (b) 58T T #EBR LBl p X PR BB A s, 25 %
FNAE SRR IE LT AT AEHE R Y DX 3 L 9138
AL 50%, T LASEI S T 0.1 20, 53508
JE, 0] LA F], p=0. 2 i Rank-1 ik 3 14 (& 92. 8%,
mAP RHF1E 82. 6% MR R KT iS5 SRR 1%
20% (1 e S0 DX R RE A8 7 OR B8 2 08 I 1 AU Y T
R ASERTHR S Mp>0. 35 MERERE T
Rk, 2% BH Ao R 48 o3k b 48] 2 il A S 1) AR IF 412 B
fEJl.

X Tl G R FRATTIERE T 2.4.8 =4 A

A AT A C B AT X L2 B, 33X R T 2 R ] il
A e DT A R E R 2 RO, HaX
SR e 08 6 DR U ZRAEIR /N R B B e |kt fo 5
PEorFIRYI R, W 3(e) Uis , 4 PLETBLE T
mAP 35 3| iz 5 {8 83. 2%

i LRt , TSCE A AE a=0. 3 .p=0. 2 . FL
KIE N 4 S BN E S B T Fe ik e 4, st
IRERAL T AT SR A S HOL I
3.6 FIRALXTLE SR

Ry AR 2 T 6k A S5 v AR 2Pk B 458
b ZOE B AT AT L T AR SO VR 5 2 i 20 A
P17 NP G AR M T AR AR JCHE P R4
Y 5e T B RR IR R 25 5

TGP 5, 4% AR e 2 AL B AT A
TR G E2E R . TR sh, &0k
FEARHRRR A BT N TR H 40y F 2R

A A Ta) SmAP, Rank-1XFR T
—4—FFHEAFa —8—mAP —A—Rank-1

100 100
Atk
go g 5 s—8—5—18 80

60 60
40 40
20 20

EERLEBl(p) SmAP, Rank-16 R 5T

—t— (B flp e MAP e Rank-1 mmAP mRank-1

A A HERESmAP, Rank-1CFR 5T

0 o — >-—t * 0 g +

g ¢
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.1 0.2

0.4 0.5 2 4 8

(a) ZEWE N T (a) 5 mAP Rank-1 5 5 (b)) #EBR LB (p) 5 mAP Rank-1 K& ()@l & HLEI %R 5 mAP Rank-1 K& &
((a) Relationship between fade factor (a) and mAP, Rank-1.(bh) Relationship between erase ratio (p) and mAP, Rank-1.(c) Rela-

tionship between number of views and mAP, Rank-1)

K3 SRR
Fig. 3 Sensitivity Analysis of TSCE Module Hyperparameters

B i . MVIIP 5 ETND-Net fif 4= 5 A9 45 41E K145
AL VE R HELAGE e 1 EE AR
DX 3, i HH AR R o SR A SRR 7 AR AN 5 AR
VEAE 35 B g5 7 15 LAF (latent-assisted fusion) J5 ¥
AR R B B (AR T 3 AR EO LA
DXk, P EOI AR S A R, 2R . Al
2T MGSR AN E o7 A, 348 BB 24 4y b 5 12 M Sk
1S 2] R S Py 221 S DX, T et S AR XA T B AR
Sl k) ELAT T S8 Y PR

My B E R B, R [E T iR AR 4 X
Fe AR A5 5 R 43 B . MVIIP 5 ETND-Net i 1 2 1 HL

1) 0 1 B DX S A 5 AR B S B0 Bz R P
H ZIAD Ok m] 43, xfE DL AT R0 S AT AT O A DX
LAF 7GR B T — 5 B0 S0 56 2, 20 R BEKE 1 38 )
R 2 Al T DR, MGSR W2 30t 06 75 114 g A%
AET, 5L B Bl i, B R R A8 L JORE T T e 1)
TS AN T RS R I P A DX, AT PR A
T8 I RFIER IUBE T o X — &R ST Bl T MGSR
HEZR BB 490 22, R 308 ok it 60 el 400 ) A6 25 0 4 255 X
SRS, DT 5 | 5 Bl B A S R A A
EN

N RN G A SCT7 86 3R A5 R D3 ) P9 A i
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MEX, BEEN, BHER, 0K, TER
EEMW5| SEBRE = ENLEERIT AEIR

(c) (d) LAF (e)

MVIIP ETND MGSR

((a)original image; (b)MVIIP; (¢)ETND; (d)LAF; (e )MGSR)

(c) (d) LAF
MVIIP ETND

K4 AR SR T AN F R P AR AR L A BLALXT L

Fig. 4 Feature response visualization comparison of different methods in occluded person re-identification

BT P 5 JE s 1R R v A A AL 4 T
SR AT EER I AR T AR TR

TELL SE-ResNet50 15 by 1 9 268 A5 1l 14 80 14
B BE RS AT AR O AR B4 8 3 DX, HMERf 7 o7
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Fig. 5 Visualization comparison of ablation studies for different modules( (a)original image ; (b)SE; (¢)SE+TSCE; (d)MGSR)
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