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Abstract: Objective Visible-infrared person re-identification (VI-RelD) has emerged as a challenging task primarily due
to the pronounced modal discrepancies between visible and infrared images. In the visible light spectrum, images are
repleted with vivid colors and intricate textures, but they are highly susceptible to perturbations caused by varying illumina-
tion conditions. For instance, during dawn or dusk, the subdued light can distort the visual appearance of pedestrians,
which causes difficulty in accurately discerning their unique features. By contrast, infrared images, which predominantly
capture thermal radiation, offer a distinct advantage in low-light or obscured scenarios. However, they lack the detailed

visual cues present in their visible counterparts, such as clothing patterns or facial features. These fundamental differences
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have led to great difficulties in achieving reliable person re-identification across modalities. Compounding this issue, exist-
ing methods lack sufficient feature discrimination. In numerous real-world datasets and scenarios, they struggle to distin-
guish between pedestrians with similar postures or occluded body parts, which compromises the overall accuracy and reli-
ability of the recognition process. Method To directly address these challenges, this research designed an innovative algo-
rithm capable of extracting high-resolution pedestrian features, with the ultimate aim of bridging the existing gaps in cross-
modal recognition tasks. The methodological framework of this study centered around a novel VI-RelD algorithm that incor-
porated structural and visual features, which operated through a meticulously designed dual-stream branch architecture.
The first step in this process involved the extraction of skeletal key points using advanced pose estimation techniques. By
leveraging state-of-the-art algorithms, such as OpenPose or custom-developed variants with enhanced capabilities in some
cases, we precisely localized the key joints of the human body even in the presence of partial occlusions or extreme postural
variations. This accuracy was achieved through various complex computational steps, which started with the initial detec-
tion of body regions, followed by the refinement of joint positions based on anatomical constraints and probabilistic models.
The extracted skeletal key points were then used to generate detailed structural feature maps, which served as the founda-
tion for further analysis. Subsequently, a graph convolutional network (GCN) was employed to delve deep into the struc-
tured information encapsulated within the skeletal framework. The GCN architecture was meticulously designed, which
comprised multiple layers, with each having a carefully calibrated node connection pattern. The choice of activation func-
tions was optimized to enhance the propagation of relevant information while suppressing noise. Weighted processing was
implemented to account for the varying importance of different joints in characterizing a person’s gait or posture, which
ensured that the most discriminative features were emphasized. This comprehensive approach enabled the construction of a
highly effective structural feature extraction branch. Simultaneously, ResNet50, which is a popular deep learning model
renowned for its prowess in visual feature extraction, was adapted to serve as the visual extraction branch. In this context,
several fine-tuning procedures were conducted to tailor the model to the unique characteristics of visible and infrared
images. This optimization involved adjusting the parameters of the pretrained model based on the statistical properties of
the target datasets, as well as devising innovative strategies for leveraging the outputs from different hierarchical levels of
the network. For instance, by selectively combining features from the early and late layers, we captured low-level details
and high-level semantic information. In certain cases, attention mechanisms were integrated to further focus on the most
salient visual regions, which enhanced the overall discriminative power of the visual features. Based on the two parallel
streams, a structure-visual inter-modal attention mechanism (SVIAM) was proposed to seamlessly fuse the skeletal and
visual features. This mechanism was underpinned by a sophisticated computational process that involved the precise calcu-
lation of correlation weights between the two modalities. Through the use of detailed schematics and mathematical formu-
las, we illustrated the attention distribution, which highlighted the most relevant regions and features for recognition. Com-
pared with simplistic concatenation or rudimentary fusion methods, SVIAM demonstrated a remarkable superiority in terms
of feature integration, which led to a more cohesive and discriminative joint feature representation. Furthermore, to bolster
the consistency of the skeletal features and mitigate intra-modal differences, a structure cohesion loss (SCLoss) function
was devised. The mathematical formulation of SCLoss was derived with great care, with the geometric and topological prop-
erties of the skeletal data being considered. Each parameter within the function was meticulously calibrated to serve a spe-
cific purpose: whether to penalize deviations from the expected skeletal structure or encourage the alignment of related
joints. Through extensive experimental validation and theoretical analysis, we demonstrated the mechanism by which
SCLoss effectively optimized the skeletal features, which enhanced the overall stability and accuracy of the algorithm.
Result Experimental results provided unequivocal evidence of the superiority of the algorithm. On the widely recognized
SYSU-MMO1 dataset, our proposed algorithm outperformed the baseline DEEN by significant margins. In the all-search
mode, the Rank-1 accuracy rate remarkably improved by 4.21%, while the mean average precision (mAP) soared by
3.52%. Similarly, in the indoor search mode, the Rank-1 accuracy rate achieved an even more impressive increase of
7.39%, which was accompanied by a 2. 56% elevation in mAP. These results not only validated the effectiveness of our
approach in enhancing cross-modal person re-identification accuracy but also showcased its robustness and reliability in

complex scenarios. Conclusion This research introduced a pioneering VI-RelD algorithm that integrated structural and
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visual features, which effectively addressed the challenges posed by modal differences and substantially elevated the recog-

nition precision in cross-modal person re-identification. The performance of the algorithm in complex and dynamic environ-

ments further attested to its high level of robustness and accuracy, which lays the foundation for future advancements in this

critical area of research.

Key words: visible-infrared person re-identification (VI-RelD) ; hierarchical feature extraction; skeletal structure fea-

tures; structural-visual interactive attention mechanism (SVIAM) ; structural cohesion loss (SCLoss)
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2023; He 55 ,2023) |, H B I (Nayeem 45 , 2022 ) 55
2GR T E BUR IR B L 2 VI-RelD
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5 PR S 0 G A I, AE A3 M LIRS Y 4 412 OC
5 H o TERIRBN 4R e XS 55 1Y R BRI J5 3843
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7, R AR B BT X 4% (generative adversarial net-
work , GAN) , 4 ZLAh 15 5 48 Ay v TR 497) dn SR
SN (2022) 22 130 I RE RIS Bl S 145 6 XU

IR MTEZ AL, T3 5K 52 TH U 1R RE | Xia 55 A
(2021) By AIF 5 1 2 3k — JEL g ) e RO 3R 0 KT,
GAN 25 B X5 Bt VI 7 5 B S AT 55 vh AR 1 R A
B o FEUE B BT E X TEIR KPR |
BRI 125 AR S 2 S BR g h AY Z N

TE X0 T 7P 248 7 2 1 368 ) PR 5, A AR i 35 g R
LEAH R (BRI 50,2023 ) PR LA R e P A
BARMRSCHE , RBFFEE R TR, S5 (5 Bt
BB HE ANATRIRLET o 7ESh VR (e 8 SR 7
25,2023 FHE 45,2023) TR ik 45,
2018) LI Jz Hi 2547 N HE U (Lyu 45, 2024) 45 431
B, H T R AR AR I 5 0 (X 4, 2021 5 15 384, 2023)
B2 B — R . 1, Rao % A (2024) #5155 5
SRR ] T AR S AT N E R, 4 v R Y
WERG I, 13X TJCBE A VI-RelD F 5% 42 436 T 587 19 £ %5
Jilil .
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% 4 (graph convolutional network , GCN ) 2 >J 5 % 1)
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(residual network ) (He &5 , 2016 ) $2 B E% 04 1 3¢ 45
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(structural-visual interactive attention mechanism,
SVIAM) , FT 1 B #5454 5 MR AL R AR 22 1] 1947 2
BE 43 TR PE RS H RS S5 AR AN LS SE AL, AR A
G RHIER S o IeAh, itk — 2D s A i B8 RR AR A —
otk 91 A 45 N B 31 2% (structural cohesion loss,
SCLoss) , il if A W BN 25, A HLES & Bk pR R, 42
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Fig. 1  The overall framework
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Je AR B Z2 A RS ) B85 B, R OpenPose il
MediaPipe Pl 5 2: 25 6 A 75 % A SR R, 3 3 %
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FRREARR IRV, WS 6 52 B B % 4L

(a) OpenPose  (b) OpenPose  (c) MediaPipe  (d) MediaPipe
PRI UL PRI ZIAME SR SREU T UL SRIZE A e
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K2 #RorE AR A A
Fig. 2 Partial skeleton extraction images( (a)visible light
image extracted by OpenPose; (b)infrared skeleton image
extracted by OpenPose; (c)visible light image extracted by
MediaPipe; (d)infrared skeleton image extracted by MediaPipe )
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Table 1 Sample sizes before and after image enhancement
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e ARYETE R AE A X RRAE R T INARL G
HART

Fr=2 (A, xF.,.) (9)
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1.4 HEKEH
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PR S R o AR Y B AR R R AR KB
W28 (GCN ) 4 i 13 H | AR AR A B4 AF ZE 43 1 25 i)
I B /b, DLk SR R I Bl sl A — B

o AUS AT PR G E DAL DA ) A Ay
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Ao, A RSB EEAE R T R A 1, AN
03, Fllae, 3 1137 45 154 FIYY 7 AR AE 1) £ 3 L3
WAL 2800 GON JE 153 2 A FRAE n) &, o (- ) FRom i
FEAIE , BIAR PR AT R I, L= D - AJZEIY
PR AR, D 2 B AR P, Fn R s B
1.4.2 Mgkt

W 2 A0 P SR RS & e LR A K R B,
FHR A9 3 AR 21012k L, (Radenovic 45,2019 ) il
30 AN T B PRME = 0 AL 582K L, (B Bth 300 AT 1
U, 2024) PEATIRA W B Zx i o S /M B RDR £
A NS PR G U]

L,,=L,+L,. +L. (12)
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X — X

2 EWERSHW

2.1 BUREMITFMIEIR

AAIETEXS BT B 1 T AR A 2 i 4R vh ik
FTIHBAE , P 4% SYSU-MMO1(Wu %5 ,2017) Fil
RegDB(Nguyen %5,2017) .

SYSU-MMO1 %4 4 41 7% 491 44 47 N A 2 i 4]
BAHE b n] OGS A 287 628 I , 151 5]
BA 15 79218 o ZEHE R 4 6 AT WOGER AL
(caml1,cam2 cam4 cam5) fll 2 5 ZL AMEAZ AL (cam3
cam6) , & f5R 4R R 2 %= Ah I N 5 . SYSU-
MMO1 i $2 AL P AP 2R AR : 248 R (all search) FIE
W48 % (indoor search) . 448 LA {1 H T A 7] I,
FetEAZ AL (cam] . cam2 . cam4 . cam5) #EF T VL L , 177 %
P R AU AE A cam 1 Fl cam2 #EAFPERL 33X S
AU SE—20 AT N R R i IR A R R AR A
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RegDB & £ J&— A~ HAR L PRI R A 1 [RTR %L
P 2B R P35Sk 4088k I 412 DA
EEFWNGOESEE 95 27/ NE kA 0 R =2 N B NG 1| PG S
10 5 1] WG IER AN 10 LT SRR . RegDB $idi 42
PEALTFPPEAE R, 4302 v WG BN 214 (visible to
infrared, V21) F1 £1 4} 2] 7] UL 5% (infrared to visible,
12V).

FVEAG AW TR AL (1) PERE , S50 R - S40KG B2
J{H (mean average precision, mAP) . 1F i H 25 M i
55 (Rank-k) F /IS 1B 357 5786 B (mean inverse
negative penalty, mINP) (Ye 4§ ,2021) 25§85 , 4 1
SR AT AR R P RE , i LAY 2 8 A A A P A v
0§

2.2 KWEE

ARSI FE T PyTorch R 27 ) HE 4L 475
%, i i NVIDIA 3090 24 GB GPU il % . R H
ResNet50 15 4 #L 58 FHAIE S U, WUZ GON ARy %
FRAE S MU o B I A 8 117 A 1D (identification)
VB — Atk b A~ 1D & n 48 4 iR 20 S EHS

4 AT WG EE

IR B , %5 IR B ELR A5 45 1D BRIk
A AL AIE M, R SYSU-MMO1 i 387 4 ID 1
FINEEERAT AN ID, [R5 N4 ID T 14 GO R 4
Bl . 7E I 2k B B ff F SGD (stochastic gradient
descent) fE NI AL , B S50 0.9, Tl ) 3R
W, WG4 2 Rk 0.1, 20 BIAESS 20 IR AR A 80
YA 28 3 0. 01 10,001, Y 35 AR v 5 2
105K,

2.3 FmAEITEE

7E SYSU-MMO1 F1 RegDB ¥ 5 B A 58 i
P& 15 YT 2 R OB AT VR 0 L SRS
VIIE B A B9 7 2 0 ARl | LA an ¢ 2 Fn sk 3 B
o AETF T, LU R A BB BE s S 50
W 25 T 1% 43 A B A A M DG RN B B R A R M K
[

TE SYSU-MMO1 £ di 5 h , AHIAULE all search Al
indoor search #% =0T $EATPEAL s 7E all search B0
Rank-1 1515 78. 91%, 1 fr A X /% o 7E indoor
search BT, £ X BEMERE A 4Z I8 11 mINP {8 5 %]

&2 FESYSU-MMO1HTEE LR F7iEXTLE
Table 2 Comparison of methods on the SYSU-MMO01 dataset

1%

all search

Jrik

indoor search

Rank-1 Rank-10 Rank-20 mAP mINP Rank-1 Rank-10 Rank-20 mAP mINP

TSME(Liu 55,2022) 64.23  95.19 98.73 6121 - 64.80  96.92 99.31 7153 -
SFANet(Liu%§,2023) 65.74 9298 97.05 60.83 - 71.60  96.60 99.45 80.05 -
PMT(Lu%%,2023) 67.53  95.36 98.64 6498 51.86 71.66 96.73 99.25 76.52 72.74
SIDA(Gong45,2023) 68.36 9591 98.56 64.19 - 73.28  97.35 99.52 7749 -
MFCS(Yang % ,2024) 70.59  96.22 98.77 6749 - 75.98  98.12 99.62 80.24 -
(RGPS
MSALNet(Zhang % ,2024a)  71.16  96.69 99.02 68.01 54.62 79.35 98.45 99.65 82.84 79.33
DEEN(Zhang 1 Wang,2023) 74.70  97.60 99.20 71.80 - 80.30  99.00 99.80 83.30 -
MUN(Yu%¥,2023) 76.24 - 97.84 7381 - 79.42 - 98.09 82.06 -
SGIEL(Feng % ,2023) 7712 97.03 99.08 7233 - 82.07 97.42 98.87 8295 -
FDNM(Zhang 55 ,2025) 77.80  97.80 99.60 75.10 - 87.30  99.40  100.00 89.10 -
TGLFC-Net(Guo%,2024)  59.10  90.90 96.17 5486 - 60.98  93.05 98.12 66.83 -
. PAGP(Qian 1 Tang,2024)  63.66 - - 60.99 - 66.26 - - 7155 -
(SR BN
PEAT(Miao 4§ ,2023) 7121 9535 98.81 67.15 - 72.55  97.15 98.60 77.05 -
AL 7891  95.68 98.53 75.32 57.37 87.69 97.73 99.32  85.86 80.35

T L P SRR % 8 B A2 2R

=" BRI RAEAE R SR PRI
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ICREARE A B — TRV |, AE T A k4
T B FE AN Rank-1 AEf R0 M 32, (0 7E 42 Jm
B AT LR AR R ) A M o

7E RegDB i 4i 5 v, AR ALAE V21 A1 12V 25K
R, U A A B AR AR 4 R S RS K R

FHEARES . BAKINF , 7F Rank-1 il Rank-20
K E] 92, 08% F199. 05% , 545 5 i K Fb 7 12
FHIE MR B @ B sa g ). AE 12V BT R4
S5 771 FDNM, 1l 78 mINP 33X — P14y R X RE A 4 3
AE ) b iK% 77, 92%, B8k T H A BT A X L
FUAABIF G ARSI o oF PRI HE AR AR B HLAT B 58 1) 45
P PRI 5 ) SR IORG B2 | B 8% AEAS [ 4 1 5
LN RBITT A

*3 7ERegDBHIEE FHIFAEXTEE
Table 3 Comparison of methods on the RegDB dataset

/%

V21 2V
ViRiS
Rank-1 Rank-10 Rank-20 mAP mINP Rank-1 Rank-10 Rank-20 mAP mINP
TSME (Liu%$,2022) 87.35 97.10 98.90 7694 - 86.41 96.39 98.20 7570 -
SFANet(Liu%,2023) 76.31 91.02 9427 68.00 - 70.15  85.24 89.27 63.77 -
PMT(Lu%#,2023) 84.83 - - 76.55 - 84.16 - - 75.13 -
SIDA (Gong %,2023) 81.73 - 96.55 75.07 - 79.71 - 9547 72.60 -
. MFCS(Yang % ,2024) 85.34 - - 7639 - 83.88 - - 75.16 -
B ERAE
MSALNet(Zhang%%,2024a)  91.14 - - 85.19 72.66 90.23 - - 84.26 70.49
DEEN(Zhang 1 Wang,2023) 91.10  97.80 9890 85.10 - 89.50  96.80 98.40 83.40 -
MUN(Yu%,2023) 95.19  98.93 - 87.15 - 91.86  97.99 - 85.01 -
SGIEL(Feng %,2023) 70.23  86.11 - 52.54 - 67.65 84.73 - 5230 -
FDNM (Zhang %5 ,2025) 95.50  99.00 99.60 90.00 - 94.00 98.50 99.30 88.70 -
TGLFC-Net(Guo 4§ ,2024) 9236  97.76 98.80 80.32 - 88.82  96.18 97.93 7747 -
PAGP(Qian 1 Tang,2024)  88.35 - - 83.18 - 86.46 - - 80.08 -
CEYiEPS
PEAT(Miao %#,2023) 92.14  98.16 99.22 87.88 - 91.36  97.57 98.88 86.70 -
NS 92.08  98.04 99.05 89.59 87.92 90.56 96.44 99.05 87.59 77.92
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all search 53X FF JE T il S50 , 38 10 35 A0 B B A5 70 v
(AR HA IS X P RR A S M, 25 SR a3k 4 i .

D IS . 5 3RATAM EL, I A B %
P& (heatmap) J&7 , Rank-1 A 74. 70% 42T+ 2 75. 61%,
mAP 1 M\ 71. 80% #& T+ 51 72. 95%. S 1 TR
PR /IN  (E- % AR AR 1 iy 2549 5 L, L HAE
PEBSAT 55, BB A ROHS BB PR A 2 258 Ak

2)SCLoss PR%X ., 45| A SCLoss K- GCN 19
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Table 4 Ablation results of each component
1%

TH B SYSU-MMOI1
base  heatmap L, SVIAM  Rank-1 mAP
N 7470 71.80
N N 75.61  72.95
N N N 7703 73.68
N N 78.05  74.30
N N N N 7891  75.32
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i 0 5 BEALAY Rank-1 3 — 2045 31 77. 03%, mAP
iK% 73.68%. SCLoss A R L HY B AR 7Y -1 & 4 1y
SURRIE (R B —2L,

3) 25 b — 0 i 5 A A T 0 LT (SVIAMD) A5
Peo 51 SVIAM BBk fill -5 8 % 24 & A EUR ER
(AR, 45080 P BE - U2 TE , Rank-1 345 31 78. 05%,
mAP R FF 5 74. 30%. X —Z5 UL, 8 iR A
5 R AE HEA T A, BT BR A8 AE 5 BE 8T N
PRI 55 T B Gl R AR AN RIS N B ARFAE 25 57

EAORA M 45 A B AL SCLoss I
SVIAM AR, B 7 P25 A AR HR I 4 - A 3 1 M AR
Sfe 7 i E R T U ] A5 B AR 3 5 A R P e
R HEE N A] s B AR
2.5 ZIWERHMATMRL

h FLL IR AS I 5 7 Ik R A 3 A 98 4E SYSU-
MMO1 8 5 b X4 A f 2 i) (&1 R4 i) 25 SR [ A 7
AR, SEE AR -SNE 434 (t-distributed sto-
chastic neighbor embedding) 7 ¥ A& FIK: 2% 25 2 1) ]
AL

1) t-SNE 73 fii Al B AL . DA SYSU-MMO1 %5 4f5 5
T REAILE 24 AR B3 (4 (5145, >R FH +-SNE 7] 7
A T AR AZS I 4 G DL . SER XTI iR
FRAE L LR A% R RN 58 HE A AL 5 3 PR S AT 0] WAk
oo T N W NG T N N = N ESE B N BTN
B3 ) X 43 7T UL Y6 (visible, VIS) 1L 4k (infrared,
IR) B . anI&l 3 Fios , S0I0G RRAIE 43 A0 Rl R LR AR A
GIATARLE AR 5T 4 AT e % 15 A [m) B 5y A
IEZ 18] (A E B, 400 A [7) B 03 A AR B, AT 46 /)
RS2SR

) kR R AL . ABFSEAE SYSU-MMO1
i L REHLIERE 4 2241, DL Rank-10 (9 HEIF 45
RFATATALIR IR o X TR KR Z 0], KR IEH
A T HER EUR RN 2 R R B R A 4 (6
FHERR . WE 4P, B 4(a) FiR FE 5 S
PR Z A 7:3, 22 TR 4b) Fi3:1;5
BRI, X F baseline , A 5% 5 % BE A% 5N A 44
iR HE Y 2 SR (o DG P I A R A v Y R HE T
JUBE GERH T ARG 5 2 A Rtk o

HIAERHIE

LAY

ZRICAREY

K13 SYSU-MMO1 Zdfa S ATl BERYRFAIE 1-SNE 4]
Fig. 3 t-SNE plots of features at different stages on the SYSU-MMO1 dataset
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Fig. 4 Search results obtained from the baseline and the algorithm of this study on the SYSU-MMO1 dataset ((a) baseline; (b) ours)
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