HAHAR + Automobile Technology

Identification, Vehicle RelD)/E % G828 i 5 /N HL 22 4>

EFBiEMN FEERX 4 Vision Transformer B Z= 4
HIRAAE

R HRiBEED RBTF
(1. TCB) 2 e sc il 5 o TR 2 8, Jo8 214105;2. 5 55 B TR KA RLARE B Bt 21004453, 08
Bk I T e~ e, Joi 214105)

(B )4k 0 52 2% 3 5 F R30S W0 A0 A8 Ak (308 125 % 4 400 4 AR RL 4k T B30 700 1) 0 iF 6 35 7 9 40 68 1 R I 62 1)
R, A — P T 3 R R 8 43 Vision Transformer [ 7550 8 4R 51 7 1k o 456 B AURITE B 000 A 3 IR R 43 (ALP) B2
B3l o 2 WA B T BlG (HAF) B SR 2 IS8 4071 5 055 )2 2 il X, o A 386 07 X0 o 3 IR 1R 51 5 s 51 AZ E AR
fiE i A (MFE) B3, 36 FAH LA 1 109 3h 25 IAHL B T+ Z 00 f 2 AHPLIR8E T I FRAE X 43 B8 ) o il 2 S 3R 0 - 76 429
FARBIE 55, B3R 7 B 7E VeRi-776 309545 1 19 mAP Hl Rank—1 43 5135 £ 81.0% ,97.1%, 7E VehicleID %4 4 I 1) Rank-1
IKF 80.29%, Wik A& T T A 1 UK BERE AR

FAIA - FEWWEIRF  Vision Transformer FEXIS FEIHME

R E 525 :TP391.41 MERAR SRS A DOI: 10.19620/j.cnki.1000-3703.20250449

Vehicle Re-Identification Method Based on Adaptive Local Partitioning

Vision Transformer
Xu Mengxi', Chen Haixin’, Xu Huanyu®
(1. School of Transportation and Vehicle Engineering, Wuxi University, Wuxi 214105; 2. School of Computer Science,
Nanjing University of Information Science and Technology, Nanjing 210044; 3. School of Internet of Things Engineering,
Wuxi University, Wuxi 214105)

[Abstract] To address insufficient feature representation and poor robustness caused by viewpoint changes, occlusions,
and visual similarity, this paper proposes an adaptive local partitioning Vision Transformer for vehicle re—identification. Firstly,
an Adaptive Local Partitioning (ALP) module is designed to perform dynamic regional division. Secondly, by integrating low—
level visual details with high—level global semantics through a Hierarchical Attention Fusion (HAF) module, it provides feature
guidance for adaptive region segmentation. Finally, a Multi—-Feature Embedding (MFE) module is introduced to enhance
discriminability using a dynamic weighting mechanism for camera and viewpoint information. The experimental results show
that in the vehicle re-identification task, the proposed method achieved an mAP of 81.0% and a Rank—1 of 97.1% on the VeRi-
776 dataset, and a Rank—1 of 80.2% on the VehiclelD dataset, significantly improving the model’ s identification accuracy and
robustness.
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7 14 75.5 79.0
Estate Ey 2 96.5 99.0
TSI 16 78.0 81.5
FTA A FEREN 1678 78.2 81.0

R4 VeRi-776 HiEE L SEBIMEELR

%

T mAP Rank-1 Rank-5
VAMI 61.3 85.9 91.8
AAVER" 61.2 89.0 94.7
VANet"” 66.3 89.8 96.0
SAN 72.5 93.3 97.1
UMt 75.9 95.8 98.1
PVEN 79.5 95.6 98.4
SAVER!"! 79.6 96.4 98.6
TransRelD 80.6 96.9 98.7
VRevt 80.9 97.1 98.7
A’PM-TransRelD™ 81.4 97.0 98.5
ALP-ViT 81.0 97.1 98.8
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5 VehicleID ##E5E F EREMEEEEE R %
M4 1 R4 2 M4 3
Rank-1|Rank-5 |Rank~1|Rank—5|Rank-1|Rank-5
VAMI 63.1 | 833 | 529 | 75.1 | 47.3 | 703
QD-DLF®| 723 | 925 | 70.7 | 889 | 64.1 | 83.8
AAVER | 747 | 938 | 68.6 | 90.0 | 635 | 856
SAN 797 | 943 | 784 | 913 | 756 | 883
UMT 809 | 87.0 | 78.8 | 842 | 76.1 | 828
PVEN 847 | 97.0 | 80.6 | 945 | 77.8 | 92.0
SAVER | 799 | 952 | 77.6 | 91.1 | 753 | 883
VRevt 862 | 97.0 | 80.5 | 947 | 782 | 93.6
ALP-ViT | 857 | 972 | 814 | 958 | 802 | 949

e 4 ], AR SCELRLTE VeRi-776 5 da 45 I HUAS
T ARSI RE , 78 Rank—1 A1 Rank—5 38 b5 LS80 T 24 i
T g R, o Bk %) 97.1% F198.8%. [AIAT , mAP7EFi 4T
T b T A K . 5 FE T VT B 7 B
TransRelD At , ALP-ViT B £ #5424 $2 T, R I 7E
AR R UERPE R HE A BOR AR SRG
77 % A’PM-TransRelD A [t , £ 28 ALP-ViT ) mAP B
fiX, {A Rank—1 1 Rank—-5 ¥J47 $& T, 57 tH 5 5 11 Jpe 2%
WUNRE 7, 6 AR AR AE DR o 4 A DC T J5 A [] B, 7
Hor FORE 5 T SE I s

e 5 AT, A SCRERLLE VehiclelD £ 45 1 9 2
FEAHXTAT B, 7T 8 19 J5L R /& VehiclelD 04 48 (U4 L 40
11D RS- AR L 1D, TEvk P8 AL [ MFE 513 (R
B ALP B $5 A SR el AR Y iy o TR 1) 24 2R B i
@, ALP=ViT 7E ] i 5~ 4 1 (800 4> ID) rh B K T
VRevt, (E7EH A 8 54 o R AL 5, SR HAEFEA
Bk SRR Sy st rh T 2R E uE ] AR SR A
TEREAS A2 % 3 50 0 1 5 1 554 N IRAR R R s 1Y

PERE

i

4 HRIE

AR FE T VAT B4 3 e Rl o W 45 i ik )
BB FE R 2 R RAGTE R R L
AR AL, 385 T BRI SR R 4 15 5 22 JR UG SCRFHE
AUEERERE )y, W BT TR 280 T (i A2 1 e
PSR BLA-40) B0 531 g 55 M JRR B R A
MEFRIKAEST

IERAE R T e 1 A8 REB PIp R] T AR (A 2, 7
SR M G IR R B o ARk, Tt — 2
ARG LA B e At AR A o SHUHAE 55, LA AE
BT )2 N o
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