* RCCSEREIILEAMT (A)
2ESEE |4 55 i L AR R 8 42
(" ; AT I

JOURNAL OF SHANGHAI UNIVERSITY OF ELECTRIC POWER |SSN 2096-8299
Bersentmgsmn) CN 31-2175/T™M

E3HRMTI

REBEREHT I 20N RREAT AR RG]

R

FIHASL:

ARV P B AR R 5 | 3 2 02~ B A T NI, b )R 224k, 2025, 41(6): 597-604.

SHAO Jie. Label Confidence Ranking Guided Multilateral Learning for One—Shot Person Re-Identification[J]. Journal of Shanghai
University of Electric Power, 2025, 41(6): 597-604.

AMSCEERERE (B KINERIEN S A2 30 )

Similar articles recommended (Please use Firefox or IE to view the article)

T IR A 178 s i PR U 3R 4t
Transformer Image Recognition System Based on Deep Learning

iR SRR 2021, 37(1): 51-56  htips://doi.org/10.3969/.issn.2096-8299.2021.01.010
FET TR > B 1 SUAE BT T

Research about Sentiment Classsification of Short Text in the Electric Power Industry by Transfer Learning

iR R EEFAR. 2021, 37(4): 407-413  https://doi.org/10.3969/}.issn.2096-8299.2021.04.017

HTISODATARY L) Gt Hh 2R 328

A Load Curve Clustering Algorithm Based on ISODATA

i AR 2019, 35(4): 327-332  https://doi.org/10.3969/].issn.1006-4729.2019.04.005
ST LORPFIZAFAERE 5 A9 N R

Facial Expression Recognition Based on LGRP and Multi—feature Fusion

IR SR AR 2019, 35(3): 253-260  htips://doi.org/10.3969/.issn.1006-4729.2019.03.011

— TR 2T AU PEG BG4 A 337k
A Double Compression Detection Algorithm for JPEG Image Based on Deep Learning
i R 2020, 36(5): 505-510  https:/doi.org/10.3969/].issn.2096-8299.2020.05.017


http://shdlxyxb.ijournals.cn/ch/reader/view_abstract.aspx?doi=10.3969/j.issn.2096-8299.2025.06.011
http://shdlxyxb.ijournals.cn/ch/reader/view_abstract.aspx?doi=10.3969/j.issn.2096-8299.2025.06.011
http://shdlxyxb.ijournals.cn/ch/reader/view_abstract.aspx?doi=10.3969/j.issn.2096-8299.2021.01.010
http://shdlxyxb.ijournals.cn/ch/reader/view_abstract.aspx?doi=10.3969/j.issn.2096-8299.2021.04.017
http://shdlxyxb.ijournals.cn/ch/reader/view_abstract.aspx?doi=10.3969/j.issn.1006-4729.2019.04.005
http://shdlxyxb.ijournals.cn/ch/reader/view_abstract.aspx?doi=10.3969/j.issn.1006-4729.2019.03.011
http://shdlxyxb.ijournals.cn/ch/reader/view_abstract.aspx?doi=10.3969/j.issn.2096-8299.2020.05.017

% 41 55 6 1 T ok v h kK % % R Vol. 41, No.6
2025 % 12 A Journal of Shanghai University of Electric Power Dec. 2025

DOI: 10.3969/j.issn.2096—8299.2025.06.011

HEEREEAF S| SEUF SN RERITAEIRS]

il

(g AR BT 5E B TR, HiE 200090)

W OE: TSGR W ATC B 2= 2] ik BAREAA T N EE R I R LS PR T SO BRI . R AR
RAZ SIS T YR RS AR AT 16 I AR 2 e 7S TR O FR 2 B (5 AN R Gk Rk, 324 T — il
WA BGEHT G R 20T E . B, R T — R T 2RI 0, X AR bR ic R S AT
RO IIFREARE S T . RGBT Z2i2% 2 HE2E  MRAR 4 B 5 EHTY A2 AW %53 3 F 722 74k
I, 5, 8 7E A LR R 4 Market-1501 . DukeMTMC-relD #1 CUHKO3 b #4712 525, 45 1
Fr VA FE mAP Fl Rank-k b #0A BEAF 0 230, HEREAE T REBONA S, o — e Sk

KEER: FRES; BGE,; 2% 5] R 17 AE I

FE S ES: TP391.41 XEKARERD: A XEHS: 2096-8299(2025)06-0597-08

Label Confidence Ranking Guided Multilateral Learning for
One-Shot Person Re-Identification

SHAQO lJie
(School of Electronics and Information Engineering , Shanghai University of Electric Power,

Shanghai 200090, China)

Abstract: Compared to traditional supervised and and unsupervised learning methods, one-shot
person re-identification has emerged as a research focus due to its practical applicability. Despite
significant advancements in this field in recent years, the performance of existing methods is still
limited by several challenges such as label noise interference and restricted pseudo-label
confidence. This paper proposes a label confidence ranking guided multilateral learning algorithm
to overcome them. Firstly, a label confidence ranking strategy based on the hierarchical clustering
module is proposed to classify unlabeled image instances and exclude noises. Secondly, a
multilateral learning framework is introduced by leveraging the label confidence ranking to
conduct training in multiple network branches. Finally, through extensive experiments on three
public benchmark datasets, Market-1501, DukeMTMC-reID and CUHKO3, it is verified that the
proposed method can outperform most present algorithms with good performance on both mAP and
Rank-k with robustness.
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