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Abstract: Vehicle re-identification aims to match the same vehicle across different camera views and is a

critical task for intelligent transportation and public security surveillance. Aiming at the drawbacks of
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existing Vision Transformer-based vehicle re-identification methods, including insufficient mining of fine-
grained local features, static side-information fusion strategies, and poor stability during multi-layer
attention aggregation, this paper proposes a Vision Transformer vehicle re-identification network with
adaptive side-information and residual hierarchical attention. Built upon the Vision Transformer backbone,
the network embeds an Adaptive Side-information Integration module to dynamically modulate patch
tokens and strengthen contextual cues, mitigating feature distribution discrepancies caused by varying
cameras and viewing angles. Meanwhile, a Stable Residual Cross-layer Attention Aggregation module is
devised, which embeds residual connections into multi-layer learnable attention fusion to stabilize multi-
scale semantic aggregation and strengthen global feature guidance. In addition, a Multi-Head Hierarchical
Adaptive Partitioning module is constructed to automatically extract local feature representations with a
certain degree of spatial interpretability. Experimental results demonstrate that the proposed method
reaches 83.8% mAP, 97.6% Rank-1 and 98. 8% Rank-5 on the VeRi-776 dataset, and achieves Rank-1
accuracies of 80. 6% and 78. 6% on the Test-1600 and Test-2400 subsets of VehicleID respectively. The
presented Vision Transformer model achieves remarkable accuracy in complicated vehicle re-identification
scenarios, and possesses great practical application potential for large-scale intelligent transportation
systems.
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Rank-143 %1 4 80. 6% #178. 6% , B & T VRevt, Yk B PG 46 L BT, 915 CycleGAN,
R BB KRBT R AE 1. S5 KW, R E8 GLCAM-Net K&t DAVR £ 5 % #47 o d, 3k 4%
HR A K 5 iR R AR 12 A B T 2% i K R A AT, S5 SRR 3 TR .

L4 4 3 W Y1 IR B . 1£ VeRi-776—>VehicleID J5 1] I , 4% 3C J5 ¥k
3.3.3 BIRMEHERF AT B8 46. 7% mAP fi140. 9% Rank-1,mAP B & 5

R B AR (v AL RE ), AT AT T R ) F CycleGAN #l GLCAM-Net, 3% & T DAVR,
SC L E—ANEOEAE BTN R A RS S FWZ O B B S B T R e
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Tab.3 Comparison results of cross-domain vehicle re-identification

VeRi-776—>VehicleID

VehicleID—>VeRi-776

Tiik

mAP/% Rank-1/% mAP/ % Rank-1/%
CycleGAN™! 31.9 27.1 21.8 55.4
GLCAM-NET™ 43.1 34.2 27.8 63.6
DAVR®" 45.1 40.7 26.3 63.6
Ours 46.7 40.9 27.8 63.8

£ VehicleID—VeRi-776 J5 [i] ., /& 3 7 ¥
B mAP K 27.8% , 5 GLCAM-Net £ ; Rank-1
M 63.8% , W 5 T GLCAM-Net il DAVR, Jf i
F T CycleGAN, S5 R R AT EAEA —
JE I 5 5z Ak he
3.4 HEALIS

9 86 UF RHA-ST-Net 5 5 He (1) 4 2P, 4 3¢
TE VeRi-776 £ 45 L LA VIT-B/16 Ay 5 2k 5 5
(Baseline ) #4757 1H fl 5256

W AFTR LA E) mAP Al Rank-1 4351
h78.2% F196.5% ., 51 A CAA JG mAP #F+ &
79.8%, 5] A SRA-CAA Ji mAP # 7+ £ 81. 2%,
Ul VR RS Ak 22 4540 )5, CA A Bt B A T 42
F. BT MH-HAP 46 SRA-CAA i th (5 4 Jm)
51 S|, vk B SRA-CAA Jh 73z 17, 51 A
SRA-CAA 5 MH-HAP J& ,mAP #£ 7+ £ 81. 9%,
AL = 3. TN E S U R R R
15155 Z 3K JR 55 4 Be A2 A7 R0 5 AR BE AR AE
ik MG A ASIE, mAP ik %] 80. 9% , % H
FAZ K FIRL AR 15 EX 15 37 S5 FR AR X 5 B BRI AR
FH. 4 ASI.SRA-CAA 5 MH-HAP B4 FH I,

R4 HEXEER

Tab.4 Ablation study results %
ik mAP Rank-1 Rank-5
Baseline 78.2 96.5 97.2
Baseline+ ASI 80.9 96.8 98.4
Baseline+CAA 79.8 96.5 98.2
Baseline+SRA-CAA 81.2 96.9 98.4
Baseline+MH-HAP+
) 81.9 96.9 98.4
SRA-CAA
Baseline+ ASI+MH-HAP+
83.8 97.6 98.8
SRA-CAA

mAP &+ % 83. 800, B AL BRI = 5. 6 1~ 4
SUULE T ASC R I s L AR s ARG B 5 R
TUE i #5 2Z [B] 1 EL A, BB A% 3 [m] 2 TS AUV fE
3.5 &R=zTE5SEFMALSH

J T UL AR EL SRA-CAA FLHL i H 4
Jry s 18] 5| S A 0T AR SO 3 (8] 3 = 0 51 S
AT T —H PR SE S o 3o o A A R A TR
S 4R m gl 5K, LY TransRelD i# &
N5l FE X, A 2REI 4T 6 SRA-
CAA 5] 28 5 MH-HAP J& & /& & /1 % o0
RS S AT BRI 4 s TR T2 R 51 A TP R BR
T L A 0 24 25 4 R 5 30 15 B AR R AN S

W 6 R, A 4R 5l 71 SRA-CAA &
B 30T 7 U RS 1 1 SR A A R A A B 1 DG B
b T RAT AT AL R IR, LT RS2 B R T
oo ALETCARFFIES T X RS g )
e Shy B, Rl R MO TR R S X, X
SRA-CAAZZRMEGEFEBENETI FREERE
P A R R R T EEAEE . MERT
TransRelD J7 ¥k AR SCHHE R T 51 30 1 b 2R A 7
TRRT A DX 3 BE 0 SRR Ry R AR b B A 2
L EE AR SR ILRE T , 325 S M S A B /N
3.6 SRA-CAAERIEREHIWE S

R o3 AT )2 G o T i R S AR S
X} SRA-CAA Bl & )2 80 L #4172 B U Pk 52
55 BRE A ZEN , AST.MH-HAP Kl 225
TRFEAAE o R 5 PR AUME A B — )2 Pk e S AR
M55 10 )2 9 B T, 313 82. 8% I mAP, i B
B — R TR AT AT B Z W R AR AR T . RilG T 6 )2
B, mAPFE % 81.5% , RULIKZE S BIAH &
W B A AR TR R B, o Re B D 4R T AT 10
2 BUAS e 45 R, mAP Fll Rank-1 4351 & 83. 8%
MO7.6% . MhART 112 B MERE T B, LA
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(a) RIS

(a) Original image

(b) fig)ms |
(b) With global map

(c) Without global map

(c) L& Jmml (d) TransRelD

(d) TransReID

F6 )5l E R AT A Es R

Fig. 6 Visualization of global guidance map

AT 12 225 5 300 W 006 B2 0 3l IR AN AR ] B R
B, DR AR IR R T R A WO s
S, 5 5 R E A LS h e . LI A R R R
RUAE A e A% 2 B0, ) 465 )23 503 38O 20 I, 5 78 ufe
VLFE S 3240 2 )2 98 UM B i 2 E0S S AN
A 25 7 A P BB 30 B 33 DB RN, B ) & B JEE Uk s )
R, R P TR ST A o P AR SO Bk
A R EGR N L=10, IF44 55 10 2 4E J 5% 22 3
T e » VASHE TR 511 R PR AR AL 22 2k

K5 SRA-CAAERERAEEHIBER
Tab.5 Results of SRA-CAA with different extraction layers

ik mAP/% Rank-1/%
¥ 102 82.8 96.9

A 62 81.5 96. 5
Tl 8 )2 82.2 97.3
i 10 2 83.8 97.6
112 83.2 97.5
122 80. 1 95. 8

3.7 MH-HAPERES I HBELWE N
Sy i MH-HAP 5 e rp 2 3k 09 50, A8 3¢
X H AT X HE S8 N J3 FH AST. # 6 s, MH-
HAP 7 G=3 i} § 15 & 1£ 1 68 (mAP 81.9%,
Rank-196.9%0) . %X 43k EE 5 4240 WL 3 KA
FI DX IORH DB BC , BB F8 4 T/ 42 g X b 4

KT/ By DXCSORT T #8068 8/ 45 W DX e 24 3k Rk
Sy, PEREZ A T W, UL R T A 4 3
i SCRE R AR BEOR A 0 1 = R e I S A
TUAR R RIS o I ARG E G=3, LLF 15 /5
R AR L 5 A R S

#£6 FEVeRi-776 LEIMH-HAPER Z S MBI ER

Tab.6 Experimental results on the number of heads in

the MH-HAP module on VeRi-776 %
Head $ & mAP Rank-1

Baseline+MH-HAP(2)+SRA-CAA  80.9 96.5
Baseline+MH-HAP(3)+SRA-CAA  81.9 96.9
Baseline+MH-HAP(4) +SRA-CAA  81.7 96.8
Baseline+MH-HAP(5) +SRA-CAA  81.2 96.7
Baseline+MH-HAP(6)+SRA-CAA  80.6 96.5

Fy it — 2 Bt MH-HAP B L, A8 30K G=
3T A v B 7 3k AR Ry I g I AT AR an &L 7 B
IR o 3K 3 G A THU L A% I 00 R A )
DX 3, 2 B MH-HAP R % °7 > 54b H B A7 1) 2
B R RAE o
3.8 RASHEESHEBEYESM

FEAARIAE (SR & T, A SC AL TransRelD
55 BT HR A T ) 2 R A B L A5 R LR T,
AR A 88M B AL, AN L TransRelD #/11 1M
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(a) JRUIRIEI R

(a) Original image

(b) FEETIR AR
(b) Head 1 image

(d) FERIIR3ER
(d) Head 3 image

() RT3 2EK
(c) Head 2 image

F7  MH-HAP 3 i 5 g 3k nf A 4s
Fig.7 Visualization of internal attention heads in MH-HAP

%7 TransRelD 5RRE S5 18 & 3t bE
Tab.7 Comparison of parameters and inference efficiency

between TransRelD and our model

WIRrS S /M FPS
TransRelD 87 208
Ours 88 192

i B B M 192 FPS, [ TransRelD {ik 16 FPS,
AT A 457 58 v B 4 PR R
4 % 7w

1 7 A B AR ) PR S AN R B R AE )
AR BEEGSMMERH B UK ZZEEE 6
BRGEMEA AR, A SCHR T Bl E

5 B 25 2 9 R 7 0 R A R I M 4% (RHA-
SI-Net) . AST H i i A5 548 Sk Al /A 2,
G RO A A B R R R IR S s SRA-CAA B2
Al & VIT Z2)2E 2 1, R R o 52 4 4 )5 5
S s MH-HAP 76 425 EAR N 17 2 3k 35 4 W)
g7 PEHUE A Y W R R AR . SEE A R SR
Bl , RHA-SI-Net 7£ VeRi-776 %% #ii 4 I H 75
83.8% mAP.97.6% Rank-1 1 98. 8% Rank-5;
1E VehicleID % 5 £ Test-1600 Fl Test-2400 14
4 I HLAS 80. 6% F178. 6% Rank-1, 5 H Al 7
A AR SO RIS ) I RA
—E W R ARRE T o JE SR SN — 2
R BRI B8z 1 DL i) 25 {5 B A 55
J516], LA TS R A L SRR 5 3 e 45 R g
f N FH g 7 o
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