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ViT-based Method for Occluded Pedestrian Re-identification

GAO Mengxing , XIAO Mansheng, XU Yating, LIU Zhenzhen
{ School of Computer Science,Hunan University of Technology ,Zhuzhou 412007 ,China})

Abstract ; Person Re-Identification { ReID) refers to the technology of matching the same pedestrian across different scenarios. To ad-
dress the limitations of local feature representation caused by relying solely on global information in handling pedestrian details under
occlusion scenarios, this paper proposes a ViT-enhanced ReID method. The key contributions include:1) A novel Cross-scale Dilated
Fusion Module ( CDFM) that optimizes input features through multi-dimensional re-weighting and integrates multi-scale dilated conv-
olutional branches to enhance feature discriminability ;2) A Global-Local Feature Collaboration Module combining Transformer blocks
and lightweight CNN layers to leverage the complementary strengths of global dependency modeling by Transformers and local detail
feature extraction by CNNs, thereby improving feature fusion and robustness;3} A Dynamic Weighted Loss Function that introduces a
visibility-aware contrastive learning mechanism to enforce consistency in visible regions,adopts a dynamic hard example mining strate-
gy to mitigate occlusion-induced noise interference, and incorporates channel attention weights for refined feature alignment, signifi-
cantly enhancing discriminative power in occlusion scenarios. Experimental results demonstrate that the proposed method achieves su-
perior performance on multiple mainstream occluded RelD benchmarks,including Occluded-Duke and Occluded-REID , outperforming
existing state-of-the-art methods in both Rank-1 accuracy and mAP metrics.

Keywords : Person Re-Identification{ ReID) ; ViT;cross-scale dilated fusion;lightweight convolution ;contrastive weighting loss
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T ERIRIERIRE ,E¥ LM RBMELS BRI R
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BET5 i, A SE R LB R, it — 2 P2 i .
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3.1 BIREMITMIELRR

Occluded-Duke $#i £ 217 A H 7 (RelD) 453 — A~
BT HEss s T2 s L. &2 M DukeMT-
MC-reID R IRAETR I, L 1 )4 X7 A B8 20 B 4 /iy 2k
AT T B AR . Occluded-Duke $( R4 415 15,618
KINZREH 17,661 SKEHER LK 176,661 TR FE (gallery )
1R A MRS B DukeMTMC B4R, 34M 08I0 TR

Occluded-REID 217 AE R H (RelD) G5 — & 14
SR R AR EIR A B BT AR B R A
PRRTR, B AL AL A B 55 T RelD AR I
Occluded-REID #4445 200 M7 A, B MTAH S Ry
ER LK 5 SonEER. BT 27 2000 SR ER, H B0 B AH R
BN 15 AP WriE A P AR s o AR SR A Ah A

P-DukeMTMC-reID (348 J& A 22 L 1) DukeMTMC-reID
PR IRE MR — N TR R ERY R T AEHG)
(ReID) fyEMERIRAE " BB o — 1 TR P4 I R Y
FREEEE S, G TR IEAR T RelD AT KL=
& #E M. P-DukeMTMC-relD (¥ % §% M 45 5 DukeMTMC-
relD FeA B A& 702 AT AT IR, 702 247 AR T
. R EREEERE R ER, LSRR SRR
Pz s TR TS

TR B WA PP R AR 23 0 O < BT D RRHE M ( Cumulative
Matching Characteristics, CMC ) i £& F11°F 4 #E 5 Z 19{E (mean
Average Precision, mAP). CMC B4 T-1T K & &4 VL i i 2h
BOMEER 1% 7 e R E AT Rank-1 BP4> B4R 1 18 B2 UG A%,
IR | s, TR T BB R IR R 3
I B 0 T A0 A B G S HERR R B 29, B mAP {H.
3.2 ZWSEHIEENMIWARE

TEASIR & Xt Vision Transformer ( ViT ) B3R AW 3T 32 i
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oL AR SO T TEM LR R R FFIAT T 24EE AL,
BRTERFPEHFMIEET FRSH, DR RZRNER
PG SRR MAKFE T Pytorchl. 7. 0 HEZLFFJ , X AHEBE
A HIR R W E TR R AR B R EE W
YRR, A SCRYBFFTAR M T R 52 B R G B9 I R FE. [F]
B, A S A % RTX4090 &R AE RO TR BEAE. 72
GRS E I, ALK/ (Batch Size) iR E K 64, &l
S JH 1534 120 1~ epoch, Fij 10 4~ epoch S22 > ALY BL.

R RS BLAR 1 Y B, AR SCTE R R BR AL P B
1T T £ XTI & . 4 Transformer #HLH, B F] T Dropout 2
0. 1. Dropout /&5 —Fh & I TE LB, Retg Al Zad # o
REALALER A MU RH 10 B, DU (R AN 2 5] B 5 &
BERIFRAE RN , i S 22 T 2 () o BE DR RIAE 1E , A TS A 1
HZ AL BE 77, Bk, 72 ONN 22 X W ER RSN T Layer
Normalization. Layer Normalization FE#E %} 48— J2 B % A BUIE
HEATIH— A AL 2, 5 4 A B AR e , I AR B8, 7]
TE—E R TG BE VH o5 o AR M [ B, 1 TR AR AU I
RIS L.

FEIRSHE A IR 2B 7 =0. 07 SRR A 4ERE Ny 512,
RS o =0.3 JEGFSHR LA 20% , IAGRE A =0.5.
3.3 ZBER

ASGE A 3 MBS REA SRR RIE BT R T
LRRCR. BRI NERER, AW E#E Occluded-
Duke , Occluded-REID , P-DukeMTMC 3% 3 MEU{EEE F IR
FRHBT. A BT M 4% & iy Transformer 4337 #1 CNN 4
SCEH AR, ONN 43S BIA SO Ty LWC i, B By 45 & 75
BRI RR I AR £ R A R A A5 8. T 4% SCAE TAL 3 I B
HET I BRI T 5 e R A AU R AR AR T I — AN T Bl
4y 2R PAT J5 i Lh, AR U 55 mAP F4 5 T
11.2% ,Rank-1 FHRF T 3. 5% . [R5 HAB AR T A\ &
T geAa b, A8 03RS W B AT LU EREE R

R1 3 MEEEIRERES NI LRSS
Table 1 Experimental results of three occlusion

datasets across various methods

Occluded-Duke  Occluded-REID P-DukeMTMC
ik mAP Rank-l mAP Rank-l mAP Rank-1
pPVPMI%] 37.7 47.0 37.7 66.8 69.9 85.1
PAT!4 53.6 64.5 72.1 81.6 - -
TransReID[B]  59.2  66.4 78.5 79.8 79.6  82.5
PFD!%] 61.8 69.5 83.0 81.5 - -
Ours 63.8 71.9 84.3 B81.2 8.2 84.3

T, VIT 5EBRS 456 8T 47 9 M AT AT R B A8
B8 fE R 1 A% VIT 5] AT AR 31408 59 o ik,
TransReID R# TARZ T ABIRGIWRERA, EEPITA
IR AN, A0 E BT TransRelD, 3£7F Occluded-
Duke, Occluded-REID HiI P-DukeMTMC 3 /%48 & I 37447 ]
R ER IR ERER, AXFTREM T EHKT
TransRelD, H: Rank-1 1 mAP 7F Occluded-Duke %{#24E I 43
HIHEINT 5.5% F1 4. 6% ,{E Occluded-REID 4R 4 |47 i1
JnY 5.8% f11.7% , 7€ P-DukeMTMC $(HB4E - 4r B3 im T
5.6%F1.8% . XAEHH T HEIMA BTN FRIBRAEERZE)E,

ViT FHERB1 8 T — R .

ATy A Occluded-REID #4542 (¥ Rank-1 845 1
PAT JFiETRAC/NE IR, BA 73 (40 PAT) Bt Fil @ CEPAL
P B R FOLE], AR T T K (R T
TAE) MREGR T RGREME HELZ T, AR
FAMSIS AR RE T8 S8 R AR B 9 38 N, B T 8040
[ R E A, PSR E 2 & (i
Z B3 UER) PRI TERN GBS, Bk RILE
3.4 HBLEEE

AT SR TR T rr 4% A5 e Yo B A 1 BB Y TR, AR SCAE Oc-
cluded-Duke . Occluded-REID #1 P-DukeMTMC $tig 4 Ftfr
TR A SEE, R INR 2 iR,
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Table 2  Ablation study of the model on three occlusion datasets

Occluded-Duke  Occluded-REID  P-DukeMTMC

i

mAP Rank-1 mAP  Rank-1 mAP  Rank-1
C 47.8 58.4 49.6 52.6 77.0 89.6
T 57.1 65.7 76.2  80.7 80.9 92.7
C-T 59.6 67.0 74.4 76.6 84.8 94.2
C-T-CDFM 61.9 69.6 76.1 79.6 86.0 94.7
C-T-NL 61.0 68.8 75.6 78.2 85.5 93.9

C-T-CDFM-NL 62.3 70.2 76.8 78.8 86.6 95.8
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