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Single Stage Unsupervised Visible-infrared Person Re-identification
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Abstract The unsupervised visible-infrared multi-modal person re-identification can alleviate the problem that a lot of manual la-
beling is required in the intelligent monitoring scene. Common multi-stage models are used to process different modal data sepa-
rately. This paper proposes an effective single-stage unsupervised cross-modal pedestrian recognition method,and designs a clus-
tering algorithm based on confidence factor and a cross-modal feature processing method based on graph embedding to solve the
unlabeled problem and cross-modal problem respectively. Experimental results show that compared with the existing algorithms,
the proposed algorithm has achieved an improvement of at least 7% in the case of r=1.

Cross-modal learning, Unsupervised person re-identification, Visible-infrared person re-identification, Unsupervised
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Fig. 1 Overview of unsupervised cross-modal feature processing

methods for confidence factor clustering and graph embedding
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Table 2 Comparison of the indicators of the proposed model and

various algorithms proposed in recent years on SYSU-MMO01 dataset

o 4h-7 LR R

7k
r=1 r=10 mAP
HOG!23] 3.59  18.39  4.91
histLBPL24] 1,51 12.43  3.49
GOGL23] 1.25  12.23  3.48
HOMOL9] 10.02  35.23 11.13
CycleGANL20] 8.34  31.56  10.55
SsGLzt] 2.32  17.23  5.00
ECNL22] 8.07  32.49 12.68
H2HL) 25.49  63.85  25.16
A XHEA 27.40  72.39 28.33
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Table 3 Effectiveness ablation experiment of the confidence factor
clustering algorithm and graph embedding cross-modal feature

processing method proposed in this paper

. SYSU-MMo1 # # % RegDB # 3 %
A r=1 r=10 mAP r=1 r=10 mAP
B 24.85 69.50 26.27 35.72 53.46  29.01
B+D 26.40  71.15 27.96  37.52  55.49  30.30
B+G(%) 25.12  69.63 25.43 38.79 57.15 30.79
B+G(%) 26.21 70.48 27.56  38.91 58.92 31.31
B+G(Y%) 26.08  70.45 27.08 39,07 59.08 32.15
B+G(Y%) 26.17 71.08 27.71 41.11  60.10  33.09

B+D+G(%) 27.40 72.39  28.33  43.11  60.97  34.08
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1. 65 %0 5 T Bl A 19 35 5 25 R A1k A 34 77 325 AR 1L ) 16 B A,
rank-1 Fl mAP KB W42 T 1.27% 1 1.29% ;4 —H% 3t
[l FH B, R g PERE 3 — 2048 . 76 RegDB 4B 4E I+, 3k
THEGERFHREITEM LBV IEHR A, rank-1 Bl mAP 43
BIERFET 1.80% Al 1. 29% , 36T Btk A Y 85 425 Re AF Ab 3
7 M EL B A AR I L rank-1 1 mAP 2 BT T 3.07% A
1.78%.
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R, 3% L [l B AR 42 4 70 We B 4 5 AT N B I W 7R G
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4.3.3 RIBAKHH

ASCTF A 3 A BURS B B E E B {E e, DB-
SCAN JRIEM2BA2 o, 7R ) 43 85 P R A% P 5% 9 1k i 3 25 9 3
WH Ad, K 2 4511 778 SYSU-MMOo1 #diE £ b XJ B 4@ th i
BEEEFREEEZOSEEE R BE o WBURES T, 4
p=0.9 B BRI PERE AL . o RN T RAEHIEMW B AREE,
BRI o (B K S (815 15 H00 00 2R 2 R 07 356 10 o L (6 45 P AR 25 19

230600138-5



Com puter Science FFEHLEIY: Vol. 51,No. 6A, June 2024

A B TE AT AR L[R2 T A D b 45 B0 B /D, T RE 3
TV A0 B A A5 5 R O B4, S B0 2Rk AR .

29 2833

28.06

27

25

23

£=070 £=080 £=090 £=095 £=099
—&— Rank-1 —o— mAP

Bl 2 SYSU-MMO1 #udfa 4 1 A5 BE B o SR 7
Fig. 2 Sensitivity analysis of confidence threshold p on SYSU-MMO01
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Visualization of pedestrian re-identification search results

BEIRIE A SCT RSN TG M S AT AN UL 55 42
T —NE O R B B Sl T R A X
2 R WAL Ph bR 28 L OF 30 0 B AR IR T 20 SR SRR O AR 1
i 2 ST (L% £ 50 0 SR K A A R4 o T M R I R P . G
YA T AR T B BEZS AR I T 28 T I A B b By 35 L 7
REAE 2 [] o X i ek s 57 P56 R L IR BETE T 4 R [R] A 4]
A GE R 35T 1% 4 43 ) AR [6] 1 B %o B AR SR AR SE B0
B2 3E A R B SE IR I T AR R A A R I R R AT
D By BEAT T R L AR DE R B JE MR B R
F1 NE R A T8 D X A SCTAE #E AT R AH 9 2538, OF B
BT HEG LR,

Fig. 5

£ % X W

[1] LIN Y,DONG X,ZHENGL,et al. A bottom-up clustering ap-
proach to unsupervised person reidentification [ C] // AAAL
2019:8738-8745.

[2] LIN Y,XIE L,WU Y,et al. Unsupervisedperson re-identifica-
tionvia softened similaritylearning [C] / CVPR. 2020: 3390~
3399.

[3] ZENG K,NING M,WANG Y.et al. Hierarchical Clustering
With Hard-Batch Triplet Loss for Person Re-Identification
[C]//CVPR. 2020:13657-13665.

[4] YANG B, YE M,CHEN J,et al. Augmented Dual Contrastive
Aggregation Learning for Unsupervised Visible-Infrared Person
Re-Identification[ C] // Proceedings of the 30th ACM Interna-
tional Conference on Multimedia(MM’22). 2022.

[5] LIANG W, WANG G, LAIJ, et al. Homogeneous-to-Heteroge-

230600138-6



% 1,5 Fh B B TE B T W OG- 20 A s R A AT AN EE U O vk

[6]

(7]

(8]

(9]

[10]

[11]

(12]

[13]

[14]

[15]

[16]

[17]

neous: Unsupervised Learning for RGB-Infrared Person Re-
Identification[ C] // IEEE Transactions on Image Processing.
2021:6392-6407.

HARDOON D R,SZEDMAK S,SHAWE-TAYLOR J. Canoni-
cal correlation analysis: An overview with application to learning
methods [J]. Neural Computation,2004,16(12):2639-2664.
RASIWASIA N,PEREIRA J C,COVIELLO E,et al. A new ap-
proach to cross-modal multimedia retrieval[C] / ACM MM,
2010:251-260.

ANDREW G.,ARORA R,BILMES ],et al. Deep canonical cor-
relation analysis[C]//ICML,2013:1247-1255.

FENG F,WANG X, LI R. Cross-modal retrieval with correspon-
dence autoencoder[CJ]// ACM MM. 2014 :7-16.

ZHAN Y,YU J,YU Z,et al. Comprehensive distance-preserving
autoencoders for cross-modal retrieval[ C]// ACM MM. 2018
1137-1145.

HE L,XU X,LU H,et al. Unsupervised cross-modal retrieval
through adversarial learning[ C]/ICME. 2017:1153-1158.
CHUNG Y A,WENG W H,TONG S,et al. Unsupervised
cross-modal alignment of speech and textembedding spaces
[C]// Proceedings of the 32nd International Conference on Neu-
ral Information Processing Systems ( NIPS’ 18). 2018: 7365-
7375.

LI C,DENG C, LI N,et al. Self-super visedadversarial hashing
networks fo rcross modal retrieval [C] // CVPR. 2018 4242-
4251.

WANG B,YANG Y,XU X,et al. Adversarial cross-modal re-
trieval (C]// ACM MM, 2017 :154-162.

YAN S,XU D,ZHANG B, et al. Graph embedding and exten-
sions: A general framework for dimensionality reduction [ J].
IEEE TPAMI,2006,29(1) :40-51.

MORSING L H, SHEIKH-OMARO A, IOSIFIDIS A. Super-
vised domain adaptation: A graph embedding perspective and a
rectified experimental protocol [J]. arXiv:2004. 11262,2020.
MOON H,PHILLIPSP ]. Computational and performance as-
pects of PCA-based face-recognition algorithms [ J]. Perception.
2001,30(3):303-321.

[18] YU S, LI S,CHEN D, et al. COCAS: A Large-Scale Clothes
Changing Person Dataset for Reldentification [ C] // CVPR.
2020:3400-34009.

[19] SONG L.WANG C,ZHANG L.et al. Unsupervised domain
adaptive re-identification: Theory and practice [ J]. Pattern Re-
cognition,2020,102:107173.

[20] ZHU J Y.,PARK T,ISOLA P.et al. Unpaired image-to-image
translation using cycle-consistent adversarial networks[ C] //
ICCV. 2017.2223-2232.

[21] FU Y.WEI Y,WANG G.et al. Self-similarity grouping: A sim-
ple unsupervised cross domain adaptation approach for person
re-identification[ C] /ICCV. 2019:6112-6121.

[22] ZHONG Z,ZHENG L,LUO Z,et al. Invariance matters: Exem-
plar memory for domain adaptive person re-identification[ C] //
CVPR. 2019:598-607.

[23] DALAL N,TRIGGS B. Histograms of oriented gradients for
human detection[ C]// CVPR. 2005 :886-893.

[247 XIONG F.GOU M,CAMPS O,et al. Person re-identification
using kernel-based metric learning methods[ C]// ECCV. 2014
1-16.

[25] MATSUKAWA T,OKABE T,SUZUKIE,et al. Hierarchical
gaussian descriptor for person re-identification [ C] // CVPR.
2016:1363-1372.

LOU Ren,born in 1982, bachelor, senior
engineer. His main research interests
include transportation Internet of

Things and artificial intelligence.

ZHAO Sanyuan,born in 1985, Ph.D, as-
sociate professor. Her main research in-

terests include computer vision, deep

learning and virtual reality.

230600138-7





