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[ Abstract |

the FGMS-Net network, which significantly enhances pedestrian re-identification in occluded environments through several improve-

Occluded pedestrian re-identification is a challenging task in the field of computer vision. A method was proposed using

ments. Firstly, an improved foreground segmentation technique was employed to effectively remove background and other clutter infor-
mation, resulting in more accurate feature extraction. Secondly, to address the occlusion issue, a multi-scale feature discrimination
method was introduced, enabling the model to better capture local features and thereby enhancing identification capability. Finally, an
attention mechanism was added to the backbone network, allowing the network to focus more on critical information and improve overall
recognition performance. The experimental results show that method proposed has achieved significant performance improvement in the
task of pedestrian re recognition with occlusion. On the Occluded-DukeMTMC dataset, the cumulative matching feature Rank-1 and
mean average precision (mAP) reach 71. 7% and 61. 6% , respectively.
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Fig. 1  The structure of FGMS-Net

ML . www. stae. com. cn



R T NI N N -

9004 Science Technology and Engineering

2025,25(21)

— [Al%i A —~ Resnet50 P 4% | J5 8 B — N1 28 S0 #
e I 05 5 R R S i — [RI AT o 2 51
1.1 BIS5EHEHR

FEAT NER BT SS b, SRS A H i
RSB A TR — A, BRI o 3 T A R A B A ARAE
T 5% P4 45 R B o g s R L, 2 7
AR AR ETAARGE—MAERN %, H
R, A7 20 EUR o E Bk T e 8 9140 U-Net' ™ il
Mask R-CNN''/ % U-Net B8R 1F B 2 UG 4> ) h
FE (0, (A A AL BRAZ %P4 ) L A B35

Mask R-CNN 2 H #ij & F 9 3 i b 28 1 F- Bz
(AT NEIRAME S, B IR Z AR, — & RHIE
PRI 28 AT e 7= A DR AG AN A, 31X L3 5 B0 T A4
TEZRIRAS I, DT 52 ) T U B E A R BB R
(R L3 o RO 1) DX AR, SRR T, BE X
XA ] B T 22 ROBERRME G s AsE e

WE 2 fi7s , 7RISR X 6 55 (Rol Align) 22
&, BIAT — A IR A PR H 2 AR R 43 Sk S R
JERIAL R — AN R R A4k, &l i A A
B Z SRR S EZ B A R, IR Sigmoid
PG PRBU X L O 2, L ARE L 5K B R (R BRI 35
Ko N IR R RAE B, e 1 i v B AL
(attention mechanism) " 75 &5 i AS ] J5 350 X J =2
[) 37 IR | DA Jr 2 A5 30 B B A S B ARRAE

AR R SR E s R AR R
Wil e, Bk, Bt A MG E 5 H e

— RHIHE
\fﬁ ’A
‘ Rol ~|4
g )5 —2 —Hu
i

LN

K2 Mask R-CNN 945y
Fig.2  The structure of Mask R-CNN
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Table 2 Comparison results of full-body datasets
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Rank-1 mAP/ % Rank-1 mAP/ %

PGB! 93.8 81.6 81.8 66. 1
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Table 3 Comparison results of ablation studies

Irk Rank-1 mAP/ %
ResNet50 37.4 30.6
ResNet50 + Mask R-CNN 39.8 34.8
ResNet50 + stipe 48.1 40.6
ResNet50 + patch 60.7 55.3
ResNet50 + keypoint 71.7 61.6
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