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Abstract

Multi-Target Multi-Camera vehicle Tracking (MTMCT) remains challenging due to
severe appearance variations, viewpoint shifts, and domain discrepancies among cam-
eras. Notably, vehicle re-identification (RelD) plays a crucial role in trajectory as-
sociation for MTMCT, yet constrained by the limitations of existing datasets, cur-
rent RelD-based approaches rely mainly on appearance cues, which compromises
their robustness and cross-domain generalization. To address these issues, we in-
troduce a large-scale, multi-dimensionally annotated dataset named VeCamX, which
integrates the semantic richness of VeRi-776 and the spatio-temporal complexity of
AIC22. Specifically, VeCamX unifies annotations for vehicle identities, attributes,
trajectories, and poses keypoints, thereby providing a comprehensive benchmark for
online vehicle tracking.Building upon VeCamX’s multi-dimensional annotations, we
propose a unified optimization framework that combines Pose-Aware Module (PAM),
Metadata-Assisted Module (MAM), and Search-and-Pruning optimization strategy
(SnP). Specifically, PAM captures viewpoint-invariant structural features of vehicle
targets; M AM acquires target-specific metadata including vehicle type, brand, color,
and spatio-temporal trajectories; and SnP supplies balanced and highly discrimina-
tive data inputs for model training, thereby enhancing the model’s generalization
performance. Experiments on VeRi-776, AIC22, and VeCamX show that the pro-
posed framework consistently improves IDF1 and MOTA over state-of-the-art meth-

ods, achieving strong robustness and generalization in complex real-world scenarios.
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BEE R REAC M R TR, 25 E HAR IR ER(MTMCT) BN B 250l 5 1 2h 28 3 b () 5%
f£55 (1o ZAESS BAEB TG PP BLIR R R — R ORFF S O — 8k [2], @ B4 BBk B bk
M SR AE R, DA SR AR S S BE P 4y [3] (4] b, AR (CVehicle RelD )it #h
FRIEEAE, TEES TSRV R s E R [5).

SR, BUAT J7 i 32 508 5 e B e IR, VeRi-776 [6]37 S8 fal 8, B = 58 445038 2 FEIES
AIC22 [T B HUEEE K, HEkE EM S dibnid, BRI ZBS @R /1. R, ANEZEEZ
AFEbRE S A 2R, #E— BRIz A (8] [9], FemmEs gk & i KA I [4)
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TR LBERE )y, BRI (PAM) CH I S8 25 5 45 M5 B I SR 00 A i 1k [10);
TCELHE 4 B A H (CMAM) Rl A 2240 8 M S i 2545 SR THAI B RE 70 [11]; 48 2% BUAL SR % (SnP )@ it #f
AR IETHEIE A R [12]. =& hRISEEUE X 450 S 25 (5 BR A 2 [13) [14)

AT T (1) IR Z S FMTMCTHESE, SEILEE A% kA2 € & 0 RHK; (2) 7E VeRi-
7765 AIC22 FISUETTVEA Rk, B E ek tERE (SOTA).

ASCEUTR : 2N AMKRTAE, B3N iL, AL L, BT RE

2. HHXTIE

2.1. BiRELZEHIRREE(MTMCT)

P18 k2 HARERER (CMTMCT) 2 B REAC I 5 A 3t 22 4 WU ) S B0 T )t (4], FLI5EZ
KB LMESE, 0 AR S AR R 5 UL A / 9 48 A A S LS £ 4R Sk B 4y SR BB [15] [16], 18
W LA A PR B DA AL SR R R 3K
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AR, EAMTMCT VLY T, 58 I 38 Wi 5 Bk 5 Sy 58 8. # il A0 0 R 4k
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3. SRSMERIL A

3.1. VeCamX#EEMWES ST

WA EHReID 5 MTMCOT £ 5 5238 5 &1 % A [T 55 73 SRFAT I E.  VeRi-776 1 ZLHE {it 4247 &
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#1451 T VeCamX 5 HUAH AT E M EHR EMXT L &5 B, M EEVeRi-776 5 A1C22, VeCamX7E
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3.2. B{KHEZLE

AR SCHE H — R S A% Sk 2 B AR ZEARER B (MTMCT) 1) 2 B U AR AL AE LS, B AR AE (45

DOT: 10.12677 /csa.2026.167254 229 HEHREE SR


https://doi.org/10.12677/csa.2026.167254

Table 1. Comparison of vehicle reID and cross-camera multi-target tracking datasets
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VeRi-776 776 20 50k+ Ok+ KL E U EUE R (B, FE A
mhE. ZERC. Camera ID. B H
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Figure 1. Overall framework of the proposed multimodal collaborative MTMCT method
B 1. AR 2R FIMTMCT S AR HEZE
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Figure 2. Architecture of the Pose-Aware Module (PAM)
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Figure 3. Architecture of the Metadata-Assisted Module (MAM)
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Figure 4. Overview of the Search-and-Pruning optimization strategy
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4.2, JFEESIG
4.2.1. VeCamX#BEXTEL LR

% 225 H T VeCamXE# 4E F XS Lh g5 ] UUE . AL G - Bk 7 VAR B 4 — U J TH A7 75 B
SRR, M2, A HERET7.7% IDF1574.5% MOTA, #IMT A 7%, WAE T PAM.
MAM 5 SnPE 2 B IR R 3 5 1A k.

4.2.2. AIC22¥IBEX L ER

M 3RT LR, MCVTZEMOTA$EAr FRILE5E, (HIDFIAHXHWAR, Ui LS54k &0
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Table 2. Comparison experiments on VeCamX dataset

= 2. VeCamXZHH4E L IXT LU siG &5 R

Method Year IDF1 (%) MOTA (%)
BUPT 2020 70.2 67.0
Hsu et al. (TCLM+ReID) 2020 75.2 68.7
ANU 2021 74.1 71.5
MCVT (CVPRW 2021) 2021 77.0 70.4
Chung et al. (TransRelID-V2) 2022 73.5 66.9
Nguyen et al. (Graph-based online) 2023 72.0 65.5
Huang et al. (Transformer-CLM) 2023 74.3 67.4
Ours 2025 7.7 74.5

Table 3. Comparison experiments on AIC22 dataset

R 3. AIC22HdR4E L Xy B Seiah R
Method Year IDF1 (%) MOTA (%)
Hsu et al. (TCLM+ReID) 2020 74.9 71.0
MCVT (CVPRW 2021) 2021 72.5 76.5
Chung et al. (TransReID-V2) 2022 72.6 69.0
Nguyen et al. (Graph-based online) 2023 75.0 70.5
Huang et al. (Transformer-CLM) 2023 73.7 69.8
Ours 2025 76.8 73.2

4.2.3. VeRi-TT6 IREXTLLEER

Table 4. Comparison experiments on VeRi-776 dataset

% 4. VeRi-TT6%E R EAG LS4 R
Method Year IDF1 (%) MOTA (%)
BUPT 2020 74.5 72.8
Hsu et al. (TCLM+ReID) 2020 75.8 73.4
ANU 2021 75.2 73.0
MCVT (CVPRW 2021) 2021 76.5 73.2
Chung et al. (TransReID-V2) 2022 76.1 72.9
Nguyen et al. (Graph-based online) 2023 77.0 73.6
Huang et al. (Transformer-CLM) 2023 77.2 73.8
Ours 2025 78.3 75.0

M ARTUAE BB 5 1% A% Gt < B AR L2 4 i 2 Transformer 55 & R 25 4514, AR PERE
FFER T, AT IEAEVeRI-TT6 LIS S (45 5 45 R, Ui W4 Hh AR B BT B (15 Hd 2R 2 AL

£

an
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4.3. JHRRSCIG
AT BT =AM O PAM,. MAMSSnP A 8bE, A VeRi-776. AIC22 5 VeCamX

=SANEESE FIT R RSZLS . 9250 PAFast Online MTMCT ABaseline, #idiZ 45 5] AASE LR H1
HAST TR Pk R

4.3.1. VeRi-T7T6#iB & HRtE R

Table 5. Ablation study on VeRi-776 dataset
% 5. VeRi-776%a 4 110 iHAhsc i 45 2R

Method IDF1 IDP IDR MOTA
Baseline 77.31 77.66 76.89 74.32
+5nP T7.47 77.79 77.06 74.45
+MAM 77.68 78.08 77.22 74.63
+PAM 78.15 78.52 77.73 74.89
All 78.33 78.71 77.95 75.03

M SR UAE , =AM REg faE SETHPERE. P PAMA RN o s W &, i ] 45 F) 2&
BB BB T Z A T BN S 00 IRE: MAMBE— B 5R1E SCHIRE 7): SnPi@id #dE 4L
R IGRREAR P . A ] A SR BN IR A5 iR R 45 2R

4.3.2. AIC22¥iR & HR4E R

Table 6. Ablation study on AIC22 dataset
F 6. AIC22¥¥R4R EITHRE LI 45 1

Method IDF1 IDP IDR MOTA
Baseline 75.86 76.32 75.34 72.10
+SnP 75.97 76.41 75.46 72.32
+MAM 76.03 76.48 75.58 72.51
+PAM 76.57 77.02 76.04 72.81
All 76.82 77.26 76.41 73.20

2 6EM, EELERTIEE ST, PAMESMAMYGE G R on 25 542 Sk 540 1 H 68 /1,
MmSnPH B FRFHIZ&ia g, BIARAAEIDF1SMOTAR bk 35BS &AM .
4.3.3. VeCamXHIBE HrE R

M 7] LR HMAMAE VeCam X _F ()3 2 S oA W10, Ui B 58 118 SR 1 5 I 25 B Re e
RARTT 2 B RFIERIERE T7; PANGE T Ko i 5 W ARG SR Bs WL M B i ks SnP A R4 AR B de
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Table 7. Ablation study on VeCamX dataset
#F 7. VeCamXHifa & b1 7H fh s ge 45 1

Method IDF1 IDP IDR MOTA
Baseline 76.25 76.63 75.82 73.21
+SnP 76.77 77.15 76.39 73.73
+MAM 77.55 77.95 77.10 74.22
+PAM 77.25 77.60 77.15 73.91
All 77.75 78.10 77.45 74.50

TR Z. ZiE = DMEHRSEA R AT UKL, =M BT I sk, HERE 1
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5. #5118
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HeVeCamX, H T HEZNIZ I A PERE SR T 3l 51N %8 25 G0 B B (PAM) DA 9 40 £ A 2 1
SN TTHCE 4 B AR (MAM) SEBLE SCH I 2 E B ARG, BURR MR S5 BIRSRIR (S nP) PALAL
WIZREE R, AN SO R R T AN BdiE 70 A AN BT R B R

EVeRi-776. AIC22 DL JtVeCamX —AMHEEHIR4E LI sScin gt R, Fritt 7 iE/EIDFL
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P,
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