BAE B RS RTZIN Vol.41 No.5
2026 4E 5 A Chinese Journal of Liquid Crystals and Displays May 2026

XEHS:1007-2780(2026)05-0675-12
ETZHHMEEENERSITARRINGIE

RREL REZET, B 49,5 Eh?
Q. mWNBELIAF a5 EEIEFK, W) HE 6440005
2. B EEHANNEELELKRE, W HE 644000)

FEE AP XA 3T VIT B9 BB AT N TR O Ik A7 76 10 7 8 0 e s T e il 2 0 4l 4 ) G R Al T H B3 T 4R S 1)
AR SCHR T — B 2 AL Al G 3 ) B RLSAT AN PUN T ik o %07 DL VIT S SR MRS | SR F 22 4k R AE Al 4 SR 4 T
Fikfe . B BIAZESEE T (DAM) B 38 1 153 W0 247 7 55 0 00 22 53, 5 3000 ) 75 5% v v A0 B0 A0 e ke i
0 R T TR X AT N AR X O T B 5 Yk, BT R O EE 0 0 R BRI (RAM) , [ 35 1 #E4T R 3 8 42 R 19
23 0] 5 R AR, A5 2w IR T VAT 76 AL BB P R R S AR L I 5 e s R 45 M (5 B i R B s de o Al TP s i 0 iR
JI(CSWA)HLIEN 388 3o R ik 4] 43 S AT FIEE 5 454 HEAT IRAT B TR B 0358 Fe s 158 58 2% 4 e B A MR R RT3 4L
PR IR 2 Rk . S 45 R 7E MSMT 17 8 4 I, mAP M Rank-1 437 15 #) 68. 1% H186. 3% ; 7 Occluded-
Duke #t4f8 ££ I-, mAP #l Rank-1 73 51 #2 7 T 5. 526 F1 6. 3% ; 7E Market-1501 5 DukeM TMC-relD %4 4 F i A3 108 T
R VIT IR R MR . GG SRR AT B A e 74658 VIT BERLTEAT AT U AT 55 r i I 0% 45 1iF & B0F 23 [a)f5
BOERINNEL, o T AR R PR 4 R R e R Sz e .

*x # A AAAETRI;BHELS;VIT;DAM;CSWA;RAM

FESZEES:TP391.4 XEAFRIEED: A doi:10.37188/CJLCD.2026-0043 CSTR:32172.14.CJL.CD.2026-0043

Cross-modal pedestrian re-identification method enhanced
by multi-mechanism fusion

TU Mingjun', LIN Guojun"*, FENG Kai', MA Run'”

(1. College of Automation and Information Engineering , Sichuan University of Light Industry,
Yibin 644000, China;
2. Sichuan Provincial Key Laboratory of Intelligent Perception and Control,
Yibin 644000, China)

Abstract: To tackle attention noise, insufficient fine-grained spatial modeling, and computational redundancy
in current Vision Transformer(ViT )-based cross-modal person re-identification (ReID) methods, a multi-

mechanism fusion-enhanced framework is proposed. Building upon the ViT backbone, the proposed method
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leverages a multi-dimensional feature fusion strategy to optimize feature representation. Firstly, a Difference
Attention Module(DAM) is introduced to compute the discrepancy between parallel attention maps,
effectively filtering out high-frequency background noise and significantly enhancing the model’s focus on
pedestrian targets. Secondly, a hierarchical Relation-Aware Module(RAM) is designed to adaptively
conduct progressive local-to-global spatial relationship modeling. This design effectively overcomes ViT s
inherent limitation of losing spatial structural information when facing occlusions and severe pose variations.
Finally, a Cross-Strip Window Attention(CSWA ) mechanism is integrated. By dividing the feature maps
into horizontal and vertical strips for parallel self-attention computation, the method reduces computational
complexity to linear time while efficiently capturing long-range global dependencies. The superiority of the
proposed method is demonstrated through extensive experiments. On the MSMT 17 dataset, an mAP of
68.1% and a Rank-1 accuracy of 86. 3% are achieved. On the challenging Occluded-Duke dataset, mAP
and Rank-1 are improved by 5.5% and 6.3%, respectively. Furthermore, the standard ViT baseline is
outperformed on both Market-1501 and DukeM TMC-relD datasets. These results indicate that the proposed
framework successfully overcomes feature divergence and spatial information loss, thereby boosting robustness
and generalization under occlusions and complex backgrounds.
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Tab.3 Experimental dataset
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Tab.4 Comparison experimental results of different methods on RelD dataset

MSMT17 Market-1501 DukeM TMC-relD Occluded-Duke
Methods mAP  Rank-l  mAP  Rank-l  mAP  Rank-l  mAP  Rank-1
MGN - - 86.9 95.7 78.4 88.7 - -
OSNeT 52.9 78.7 84.9 94.8 73.5 88.6 — —
SAN 55.7 79.2 88.0 96. 1 75.5 87.9 - —
ALDER 59. 1 82.5 88.9 95. 6 78.9 89.9 - —
LTReID 58.6 81.0 89.0 95.9 80. 4 90.5 — -
DRL-Net 55.3 78.4 86.9 94.7 76.6 88.1 50.8 65.0
CNN 60.7 82.1 88.1 94.7 79.3 88.6 47.4 54.2
AAformer 63.2 83.6 87.7 95.4 80.0 90.1 58. 2 67.0
DCAL 64.0 83.1 87.5 94.7 80.1 89.0 — -
TransReID(baseline) 66. 1 84.4 86. 4 93.3 80.0 88.8 53.5 60. 8
Ours 68. 1 86.3 87.8 95.0 81.7 90. 6 59.0 67.1

T MRS R el

7T Al 3 4 2 B M 19 Occluded-Duke i 42
B R E A LA S (mAP K 59.0%0) .
W 4E R R P % 1T A9 DRL-Net K i 2 7
8.2%, H mAP 5 Rank-1 # [7] 26 7& & Jy #5 #
AAformer /3 T 0.8% 50.1% . JTu B EHM
S BT IR TransRelD, AR B 528 T
5.5% 5 6. 3% 1 I 8 K ($2 T B R R
Bl ) . RS g AR, BT 8 O ik A Kl
FUGHEY 5075 = TS i iR Ak ok, A
SRR e EESZ MR,
3.4 HELZI

N IE 2 B S (DAM) HFERR X E
HEE 1 (CSWA) K R IBH (RAM) B8 (1 4

BOHE AR DIARHE VIT b JE R 7E 4 A Bds 46 1 it
iy R se g @ EPEAG 45 L 5.

Hi 26 5 A1, T ] A XA SR AR Y T g
W45 . DAMA# Occluded-Duke By mAP 47} 2. 8%,
UE WY H A R T S MR TR s CSWA il
MSMT17 i mAP $ 7+ 0. 8% , B iE e A% 3 4 3%
TR B 2 (A R s RAM I i 25 00 3% T Duke &
GNECHE B 1) Rank-1 48 b5 , B0 UE T )2 90 ¢ R A BAE
SRR 23 (] S5 A8 {7 2 B 2% T T PR o

RUASE B g 1 e B MY B 35 A0 B () 49 5 Ak N
DAM 5 CSWA 4 & {ff MSMT17 iy mAP Jt &
67. 7% , R L L AL T 4 R RRAE Y 42 BT
H#;DAM 5 RAM B A8 Occluded-Duke ) Rank-1

RS HBMEXBELER

Tab.5 Ablation experiment results
CSWA DAM RAM MSMT17 Market-1501 DukeM TMC-relD Occluded-Duke
mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1
— — — 66.1 84.4 86.4 93.3 80.0 8.8 53.5 60.8
N 66. 3 84.6 86.4 93.7 80. 2 89.5 56. 3 65.9
J 66.9 85. 1 86. 2 93.6 0. 1 89.3 54. 4 62.0
NG 67.3 84.9 87.3 93.9 80.8 90.0 56.7 64.2
N N 67.7 85.7 87.5 94.3 81.5 90. 2 58.8 66.1
NG NG 67.5 85.4 Q7.4 94. 2 81.3 90. 1 58. 2 66.5
N NG 67.6 85.6 87.6 94.3 81.4 90. 3 57.8 65.5
N N N 68.1 86.3 87.8 95.0 81.7 90. 6 59.0 67.1




5505 1

DRI, 45 25 T 2 WL Rl 19 56 1) 5B A5 AT N E R 5 i 683

K 66. 5% , B TR X Y 3 5 B AN
CSWA 5 RAM 4 & M 78 Market-1501 |- B 75
87.6% Ky mAP, Wil 1 4 J& 4K i 4 3k 5 25 h) &
A XCE B £

FE =R R AKX Bl T, e 4 1Y il G A AR
TF fe HLPk % P B9 Occluded-Duke 28445 |, mAP
5 Rank-1 43 35 5] 59. 0% 5 67. 1% , %5 3k e i
RIS SSEEL T 5.5% 5 6. 3% Ay 8 35 5 ; W] A
E MSMT17 I (9 mAP # % 68. 1% , 7 Market-
1501 F A Rank-1 &3k 95. 0% . %5 1, &0 4
PRER XS P T e A 44 o ORI T
1T Z AL ms LR B Rl R T R R
TIE ¥ Ak - 4 Jay HE AR -2 (R4 427 19 AT B 22 #IL 1 38 i
RZRARA 2T TR AE & 4 TF i A 5 T 1
a5z
3.5 MHEETHALHERE

T RO b 50 UE AR SCHR H Y 2 B G
Bl 5 R W A T B 2% G Y 5 5 T A AL
PE A5 % ] Grad CAM + + 7 AR X 9 2% 1K 2 4
A1 Pl E 47 25 903 B 5 (Class Activation Mapping)
AR 3T, AT BT JR2 B ASS TR S A5 N S A X 3R 11
R,

P 6 1) T WAk 25 SR 7 T A B R R AE A% i
52 KRALH A E SR, B AR B4l

(@ FIREGR () SZiEET
(a) Original (b) Broad attention (c) Noise attention (d) Final feature
images maps

(© MSTERET)  (d) SREAHHIER

K6 DAMBEH 22 5 22 e AT AL AL
Fig. 6 Visualization of differential denoising in DAM

A )2 R ) A A R B S — 4L (R 6(b) 5
LEBENT) TR R BT SCRAE , 306 Xk
ML & AT N AR A UGS 5 8 2215 S5 50
TH(E 6O MR ERST) AEMN B E T &
H ) R AT M U AR R R T ke R A R RS
it 22 432 B RS HL AT 4 Jay bR SCRRFAE A 2 1Y
MRS oy ST S TR A RO . ALl
A B B SRR AR (18] 6 (d) “ I &R HRAE K ) B IE
T AL A B UE 5SS A] G R AR T
49 AN I 52 ) S A o R O ASCER o A TR RS 1
RAETAT AL HAR X8,

7 AL ARAL S SRR s T RAM BB [ 18 b
Jai iR 5 42 JRy A% 6] 56 R A RRAE AL ALEE . f I 7(b)
ALHT, DU 5 AE R e 2Dt 5 () 2 0, 7 O P 4%
PFF S B AE e R K R R, TR AR E
PR RS . RAMBEH £ 3k 4 8 A2 1w 14
I S 7 388 30 A4 B B4, 3 0 £ M B R (MLP) 58
IR SEEE AL, A 24 R UFERIFRA R
ATUfAI e85, Az 8 7(c) R 2RI . IZFRIEAG
2 1o 5 4 DX B 1 2 R SORMEE G R, 5 R AR
T Fl 5 J5 15 E 38 38 R AE (B 7(d) ) o X EEIE 7(b)
HE7(d)AHIESE , RAM BLE S BT 38 -42 R 25
[] DG H F) 35 I A L AT A EURS T Y S 3 1
NSk AR T TR AL AT N A5 H] Hh F S R Y

L 1 ;F

(@ FIRER () JBUIRRHME (o) FRERHIE  (d) MRS SRERE
(a) Original (b) Original (c) Residual  (d) Fused enhanced
images features features features

K7 RAMBLHEE 22 @& T AL 1k
Fig. 7 Visualization of residual fusion in RAM



684 W5 Bos

%415

SERERIETERE

8 il ARAL X HE T K P 5 T B A A ik G
B2 B 22 Sk B TS 00 S0 R R AL o IR B
PO TG S (T T S’ A SO W N N N = N
M7 2 I AT AT A E R IR . hE 8(h)
(KRS 5K 8(c) (- HERE )T, M
293 320 B AR 18] Ok 1) B LR SO, 32
A [ A LA 29 30, 38 R B 34 A A W ) B
P f IR SRR o AR AT B T A B0 1) A AT 0 R
P 8(d) (P filt & ¢ AR ) LWL Sz e T 388 3 4 2
S PRI 0RO S 9 AAOR o X FE A SR R UK
55 3 LR AT R AR B TR BE Rl TR AR B 4
2B X, M 2 Jm 7 A U B
8 i TR T A N R 4 R A N AR AL I R
il 1) 58 B K AL AE

PO AT AL 25 % LG T A R R LR VIT
B SARSCRE R IR KR . FELpH
Dy 5V S AR U TR F AR P O AR A
TELLAT ROR BB AT N H AR TR REAE R A7 AR T
ARPE R SR R A IR A SO R B
F AU B D AM RS AT A A8 B T S
% 2 T T A A I SR AR AT N AR I RAM A
B Al 2 W] 5 M 5 B AL, T4 R I R VA

(a) AR (b) JELEViIT1

A T AL 5 5 B IR R AR AT s CSW A HIL ]
Y R A Jr MR S AR R T e e 7 X 3 2
SIE AT N IR NS R R B R BE LR
T T I RS2 B A A A T A R I

(@) FIRER  (b) KFERT)

() EHIERS () PHERVGRAE
(c) Vertical (d) Concatenated
attention features

(a) Original (b) Horizontal
images attention

E8 CSWABIHURREPF B XT L1

Fig. 8 Comparison of feature concatenation in CSWA

(d) JlR 2 (e) HLEVIT2 () ASCETR2
(d) Original (e) Baseline (f) Proposed
image 2 ViT 2 method 2

9 B EERBCR X L

Fig.9 Comparison of heat map retrieval effects

(c) AT
(a) Original (b) Baseline (c) Proposed
image 1 ViT 1 method 1
4 % %

AR 3 — B3 T 2 P Bl A 1R
PRSI NE R k. S ERESEEN
(DAM) 5 Z BHN(RAM) 5+ 752 X6 1 | T
I (CSWA)BEH A BRI A 5% w iR 7% 48 ViT

TERRAE FWEZ WA TS S HAF R
L) 8, S KW, % 7 AR B BBk v Y
Occluded-Duke £t 5 4 I+, mAP #1 Rank-1 4351 i5
59.0% 1 67. 146 (R HELARTF 5.5 F16.3%) ;
fE MSMT 17 45 3=y H e b A & M fg IR i & 1L
TARGE VIT, K o 1 B AR P A 2 &



55 DRI, 45 25 T 2 WL Rl 19 56 1) 5B A5 AT N E R 5 i 685
T RE R 2 15 AR A BEFE KK 5 [R] I, BT W S8 4 1 A AT

TA i) 2R RS 2 265 M 4 4 LS 37 5, Ao i —
A R AR T ) T 5 T 4 55 e SN R SR R
KR TEETT ) o IR BT T IR R 2 1 3k
Jost v B 3 5 A REAE T e B LR o ROk T
PERLR RO Rl 5 A9 TH 3 0, 2235 LA Bl f1
gk (OAM) 24 N 45, LI FE R A 2 5 5
W 2 o v, BE BB DRIE o O & 9 315 AR, 3L E

A Z IR OGRS A 7 — W Ay
PSEEE T 4 1 RN I i 48 I 45 1 5 — H4)
#o TSR AR S S AR AT 5 1 P
LB R ORI F] 2,45 TOPS/mm? #,
DL TE A 45 R A0 R v R R 0 [ e S
e A L, B I R 22 B b ™ NT Y S B

AR ,EREGEBTC,F T UAE G R w2 WA e E eI kT P EAFE (R E),
WU J, WANG H S, SHAN T F, ez a/. Omnidirectional spatial monocular vision indoor localization measurement
based on a two-degree-of-freedom rotary platform [J]. Chinese Optics, 2024, 17(3) : 605-616. (in Chinese)

S TR T AT NFEPUNBTFE 255 [ T]. 3+ SEbu s A #F 72, 2020,37(11) :3220-3226,3240.
FENG X, DU JH, DUAN Y N, ez al. Research on person re-identification based on deep learning [J]. Application
— R IET B B A S R R R AT NN T i [T]. s s 42, 2025,53(9) 1 2609-
DUAN S Z, JIN Z. A person re-identification method based on class-by-class point-to-set distance loss [J].

SUN Y F, ZHENG L, L1 Y L, et al. Learning part-based convolutional features for person re-identification [J].

S ALFE IR, 2017,40(6) :1229-1251.
ZHOU F Y, JIN L P, DONG J. Review of convolutional neural network [J]. Chinese Journal of Computers, 2017,

RAGHU M, UNTERTHINER T, KORNBLITH S, ez a/. Do vision Transformers see like convolutional neural

[C1//Proceedings of the 35th International Conference on Neural Information Processing Systems.

TONG K, WU Y Q. Research advances on deep learning based small object detection benchmarks [J]. Acta
CARION N, MASSA F, SYNNAEVE G, et al. End-to-end object detection with transformers [ C]//Proceedings
KA ALERE, . BT SSDRIE M kS SUMT N B AR I [T]. A AR B A K, 2025,62(2)

ZHANG X Z, QIU Y, SHEN T. Small pedestrian target detection in subway scene based on improved SSD

DOSOVITSKIY A, BEYER L, KOLESNIKOV A, et a/. An image is worth 16X 16 words: Transformers for

image recognition at scale [CJ//Proceedings of the 9th International Conference on Learning Representations.

% AR, F . STl RT-DETR ARG AT ARG L [T]). & dh 5 25 ,2025,40(12) :1881-1893.
LUY, LIF, QLM R, e al. Improved RT-DETR-based pedestrian detection algorithm for low-light conditions at

5 & X Wk
[1]

2024,17(3) :605-616.
[2] BE Atk BAUR, 5.

Research of Computers, 2020, 37(11): 3220-3226, 3240. (in Chinese)
[3] Bm4),2%.

2613,2633.

Computer and Digital Engineering, 2025, 53(9): 2609-2613, 2633. (in Chinese)
[4]

IEEE Transactions on Pattern Analysis and Machine Intelligence, 2021, 43(3): 902-917.
[5] A&, e, % GHMEMNEIIRLEERT].

40(6): 1229-1251. (in Chinese)
[6]

networks?

Online: Curran Associates Inc. , 2021: 927.
[7] #FR,Z—4. ETHEESIE/NE RN IEER T RIT]. & F 5 k,2024,52(3):1016-1040.

Electronica Sinica, 2024, 52(3): 1016-1040. (in Chinese)
[8]

of the 16th European Conference on Computer Vision (ECCV'). Glasgow : Springer, 2020: 213-229.
[9]

397-407 .

algorithm [J]. Journal of Computer Research and Development, 2025, 62(2): 397-407. (in Chinese)
[10]

OpenReview. net, 2021.
[11] r&a%,
night [J]. Chinese Journal of Liquid Crystals and Displays, 2025, 40(12) : 1881-1893. (in Chinese)

[12]

HE S T, LUO H, WANG P C, et al. TransRelD: Transformer-based object re-identification [ C]//Proceedings



686

W5 Bos 41 %

[14]

[18]

[21]

[22]

[23]

of the IEEE/CVF International Conference on Computer Vision (ICCV). Montreal: IEEE, 2021: 14993-15002.
EH, ¥ Lok, K%, F . CORM-YOLO R B BEFRRET T A8l A7 A [T]. #dh 5 27 ,2025,40(9) : 1369-1380.
WANG D, LUO Y B, ZHANG F, et al. CORM-YOLO: pedestrian detection algorithm in low-light conditions for
traffic environments [J]. Chinese Journal of Liquid Crystals and Displays, 2025, 40(9): 1369-1380. (in Chinese)
DAIY X, LIX T, LIUJ, et al. Generalizable person re-identification with relevance-aware mixture of experts [C]//
Proceedings of the IEEE/CVFE Conference on Computer Vision and Pattern Recognition (CVPR). Nashville:
IEEE, 2021: 16140-16149.

IEF LR RS, F . AT YOLOV Mk (98 S 47 A I A % : MER-YOLO[J]. # w42 5 # 5,
2024,46(6):1050-1062.

WANG ZY, XUH Y, ZHU X Z, et al. An improved dense pedestrian detection algorithm based on YOLOvVS:
MER-YOLO [J]. Computer Engineering & Science, 2024, 46(6): 1050-1062. (in Chinese)

ZHUX Z,SUW J, LUL W, et al. Deformable DETR : deformable Transformers for end-to-end object detection [ C]//
Proceedings of the 9th International Conference on Learning Representations. Online: OpenReview. net, 2021.

LIS Y, SUN L, LT Q L. CLIP-RelD: exploiting vision-language model for image re-identification without
concrete text labels [ C1//Proceedings of the 37th AAAI Conference on Artificial Intelligence. Washington: AAAI,
2023: 1405-1413.

LIUZ, LINY T, CAO Y, etal. Swin Transformer: hierarchical vision transformer using shifted windows [C]//
Proceedings of the IEEE/CVFE International Conference on Computer Vision (ICCV). Montreal: IEEE, 2021:
9992-10002.

HAMMOUD H A A K, GHANEM B. DiffCLIP: differential attention meets CLIP [J/OL]. arXiv, 2025:
2503. 06626.

KANG Z J, ZHANG Y, DENG X Y, et al. LP-DETR: layer-wise progressive relation for object detection [C]//
Proceedings of the 21st International Conference on Advanced Intelligent Computing Technology and Applications.
Ningbo: Springer, 2025: 144-156.

LIU X, GAO P, YU T, et al. CSWin-UNet: Transformer UNet with cross-shaped windows for medical image
segmentation [1]. Information Fusion, 2025, 113: 102634.

MRk, 5T, % B, BT RS RO R SR ARETT R ). P M 42,2024, 32(22)
3395-3408.

CHEN Y, DONG K, AN Z A B, et al. Crowd counting method based on dense connection attention and scale
perception recombination enhancement [J]. Optics and Precision Engineering, 2024, 32(22) : 3395-3408. (in Chinese)
LW, T, R, TR RIRMEERA T AN ART]. b5 HE T 42,2025,33(14):2278-2290.
MA X M, LI N, WU D, e al. Pedestrian detection algorithm based on joint head and overall information [J].
Optics and Precision Engineering, 2025, 33(14) : 2278-2290. (in Chinese)

FANG X Y, HU X N, LI B L, et a/. Orbital angular momentum-mediated machine learning for high-accuracy
mode-feature encoding [J]. Light: Science & Applications, 2024, 13(1): 49.

WANG Y F, LIAO K, ZHANG K, ez al. Reconfigurable versatile integrated photonic computing chip [J].
eLight, 2025, 5(1): 20.

EE R

WEZE, S WL RIHR, 20144 T
TR REPAG A0, EEMNF
AR PR AG A 1R TSR
] ) WF 58 o E-mail: tiemujian123400@
163. com

WEE B WL A, 2024 4F T Y
N TR A5 L i, N
AT N T P A A el 4 Ak 3 T () AF
%% . E-mail : tumingjun7769@163. com




