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Abstract: Objective Multi-Camera Multi-Object Tracking (MC-MOT) has emerged as a cornerstone technology in the evo-
lution of intelligent transportation systems, large-scale video surveillance, and autonomous driving. Unlike single-camera
tracking, MC-MOT requires the seamless integration of spatial information from overlapping or non-overlapping fields of
view to maintain a consistent global identity for each target. However, contemporary research in this domain faces a signifi-
cant bottleneck : feature discontinuity caused by severe cross-view occlusions and the inherent perspective distortion of 2D
sensors. To mitigate these issues, existing frameworks often rely heavily on computationally expensive backend optimiza-

tion algorithms, such as complex Graph Neural Networks (GNNs) or multi-frame batch processing, to compensate for the
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inaccuracies of frontend detection and re-identification. Such dependencies not only increase the system’s inference latency
but also limit its deployment in real-time scenarios. Therefore, there is an urgent need for a framework that can fundamen-
tally enhance the robustness of feature representations at the perception stage. Method To address these critical chal-
lenges, this paper proposes a novel, unified perception framework driven by robust spatio-temporal representation learn-
ing. The core philosophy of our approach is to shift the burden of tracking from complex association logic to high-fidelity
feature extraction. The proposed method consists of three primary technical contributions: Geometric Projection and Fea-
ture Lifting: We first introduce a geometric projection module that leverages camera intrinsic and extrinsic parameters.
This module transforms 2D image-plane features into a unified 3D Bird’ s-Eye-View (BEV) representation. By projecting
multi-view features onto a shared ground plane, we effectively eliminate perspective ambiguity and provide a spatially con-
sistent foundation for subsequent multi-sensor fusion. Windowed Spatio-Temporal Fusion (WSTF) : To further enhance fea-
ture robustness against transient occlusions, we design the Windowed Spatio-Temporal Fusion (WSTF) module. Unlike
the generic Window-based Vision Transformer (Swin-Transformer) which focuses on spatial hierarchy for image classifica-
tion, our WSTF is specifically tailored for spatio-temporal alignment in the BEV domain. It employs a cross-attention
mechanism where the BEV features of the current frame serve as Queries (Q), while the historical features stored within a
local temporal window (7) act as Keys (K) and Values (V). This localized attention mechanism constrains the search
space to a physically plausible neighborhood, effectively realizing feature denoising and temporal smoothing while signifi-
cantly reducing the quadratic computational complexity typically associated with standard Transformers. Streamlined Asso-
ciation Strategy: Leveraging these high-quality, spatio-temporally aligned representations, we demonstrate that a simplified
data association strategy is sufficient. We combine a standard Kalman Filter (KF) for motion state estimation with the Hun-
garian algorithm for bipartite matching. This design choice explicitly eliminates the need for exhaustive backend graph opti-
mization, thereby significantly improving the Frame Per Second (FPS) performance of the overall system. Results The pro-
posed framework was rigorously evaluated on two benchmark datasets: Wildtrack and MultiviewX. On the challenging
Wildtrack dataset, which is characterized by dense crowds and frequent occlusions, our method achieved highly competi-
tive results, recording an Identification F1-Score (IDFI) of 92.23% (a 2. 04% improvement over the current baseline )
and a Multi-Object Tracking Accuracy (MOTA) of 89. 70% (a 1. 8% improvement). Similar state-of-the-art (SOTA) per-
formance was maintained on the MultiviewX dataset. Furthermore, comprehensive ablation studies were conducted to ana-
lyze the sensitivity of the temporal window length T. The results indicate that a window size of T=5 strikes the optimal bal-
ance between tracking precision and computational latency. Quantitative analysis of inference speed shows that our model
achieves a real-time processing rate of 18. 5 FPS, outperforming many graph-based optimization methods that require batch
processing. Conclusion In conclusion, this study demonstrates that constructing an end-to-end spatio-temporal representa-
tion in the BEV space yields substantial performance gains for MC-MOT. By introducing the WSTFE module, we effectively
resolve the long-standing issues of feature alignment and long-term occlusion. Crucially, this work proves that high-quality
frontend features can render basic association algorithms sufficient for handling complex tracking challenges, providing an
efficient and concise new benchmark for the field of multi-sensor fusion and computer vision. Data and Code Availability
The implementation code and the associated datasets supporting the findings of this study have been openly archived in the
Science Data Bank (ScienceDB) athttps ://doi. org/10. 57760/sciencedb. j00240. 00082.
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Fig. 1  Framework of the Proposed Method
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W F BT IR A5 AR g AR £ M A0 i 22 Bl AR, L
RS E LN X =1 x5y, %, 7w, by L], 53506 B H
P R AR AR R BE S RS PR BR R AR
CUNE IR NN el S Nl
45 DeepSORT (Wojke 25, 2017 ) AV AR #6i 7 50 v & 2%
Sy AL BRSSO HE I FH i 4 32 1] U Y
o R S SRS R R R R e H
PR iz 2 B A TR 9 S 5 A T S B
SEPR

TESHE G B ) R G0R T 2 9 VT FL e - 1 e i 7
SRIRVCTC , P 56 X006 BREE w8 ) 030 i A7 A B 38 5 il
23 [ B 2 R 538 S RRAE — B A AR AR
AR O R S i 5 | A S el A 56, 1) P e
7 18 A — S HERR BEV 23 6] 4 037 B A T H A2 3
AR RICE B bR, BlIS , 5250 FH & 2 )37
SR A4 R SR AR VC T 28, 0 R FEAL & 0 1 5 TR 1Y
XU R ) e BE R R S B R AR S AR A
0 s RE R I S . SRR a3 TR R
i JE A B, RGERE F B v bA Ak A R E
i o A i) 2R T ) TUAR B , DA 7 L s % 2
T P BRI e Bl i AT R AR A U R I R
BT U0 20 5 1 R R

=

3 XL I

3.1 HIEENA

R T AR AT TR TE R RIS T A S
PREFVERE AR SCGER I T AT Z M Z WA £ H
bR BR i B AE SR £E . Wildtrack A1 MultiviewX o

Wildtrack B8 48 « 3¢ & — A H Pk % 1 1 JJL 5K
YRR , th 7 A gk mta] F A5 250 E
BAHMAEPIE L) SR AL HA 5
VLA 12m X 36m , £7 78 7™ 5 47T A [E] AH B HE $4
IR T . AT I B S R A3 1) R R 5
e M T B B ALl 480 x 1440 B 7 BER MK
PAAS RS BATT R ) 2. 5em X 2. Sem. Z AR
ST AT ANTCHR Y H SR8 sh Bl , - i el 7 20
AT, FEANZ3 [ 8 298k 3. 74 G AL A B
o PR TR RE AR T R s R TR LG
B4Y PER N 1080 % 1920, SR ALK 2 FPS, %4
ST Z) R 35 435
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MultiviewX £ 4 < X J&— 3T Unity ElE3ia)
A R B AR LR AR R YOG o L 1Y
TV 2B 6 A BIANLIRSE  H
Yy A Jay SARPLEC & S BE A T Wildtrack AYRTT
KUK . 5 3530 g 16m X 25m |, b 1f S i ) A
AR AE N 2. Sem x 2. Sem B AE 41 RS (RS B8N
640 x 1000) . #H LT Wildtrack , MultiviewX HA T
N B P R 40 AT, A
(7 B - ARNLE T 85 4. 41 & J2 it T
B2 AILRITARE B o BRI G B
(1080 x 1920) . W& (2 FPS) LA KA o Ik )5 57 K
JE (400 i) 34 5 F2 38 5250 15 B PR — 2
3.2 SKIGZETS

FEIS PRI BB e b Sy TP AR S
FRAERIARE S, RATACE T 8 k&3 AEE 1ML,
I B Dropout FL R K 0.1 AR ik #l 4. It
Gh, R T SRAR B AL Ry iR iz sh A PR RE TT L ST
T RN 8 BT i L], LS B &
Bb 2 SRS N I RRIEZE B o B30 T4 B 5 3445 R T 42
TR F 2z A BRI IR SR LA AR SR T
— R A B 14 5% 5K W% (Shorten and Khoshgoftaar,
2019) , £ 45 Bl AL 7K F- B 5% | BE AL 46 R BY (Zhong
8%, 2020) DL R gkt g, A BRI o BE R g —
JEHE R 1080 x 1920, 7E 4fF BE B B , A6 I & 15 B 19 i
UEBIEBEE R 0.5, PEAb IR ms 55 I ik B A A 1)1 5
KA Adam AL #S (Kingma, 2014) S S50 E A
B, =0.9,8,=0.99, ¥hH2EJHE&H 1 x 107 ,If
K H] OneCycle %% 2] A WE 2 A% . AL 25
50 > Epoch, Batch Size 1% ¥ 8 16 FE 5% pREHC &
a2 e PRI AAEE R - 10,101, o, =
TCLH % (301 S AH (Margin) o BEE R 0. 2, AL T R 5L
WR 0.5, FF X 43 B Al ok 1 B A IR
ARSI T A 8 B B BB NG R A
E>h 0.5 MR RR B FoR , FE AT R I B A7 Y
] B RIE T IR0 BE o Re e M . SEIR IR BE AL AL
T PyTorch ¥ & 2% ) HE B2 4 &, IF # H PyTorch
Lightning FEMEATAREIL RN G PR B, BT AT 200
PIFEfE NVIDIA RTX 4090 GPU [ B 58 i
3.3 EEIERR

R T AT R R R G SRR TR RE L A
SCEAEFRMER CLEAR-MOT I B0, B 1754
KHER PRI T B AL R T A i B R R LR A

PERE , A SCR FFRMED) CLEAR-MOT T i .
L HE T DR AN A8 B« 22 E A BRI I
B (MOTA) AF I it RGUEARMERE M B 24845, &
CERTIR T RA (FP) WA (FN) B 50y Y14 (IDs)
R IR 22, ELWL R B T B8 76 BRAS T 5 0050 4
Fr ERZEARE . R AR 0.
SUFN, + FP, + IDs,)
MOTA =1 - - (10)

D6,
KA GT, R 5 ¢ Wi i) B H AR . 148 b B0 2 ik
TR B R R S 30T R AR ARE T .
IDF1 735y (IDF1) %48 b5 00 55 T 045 BR 25 2
TER BN 4 3r B — Bk R e

2IDTP
IDFL = 2IDTP + IDFP + IDFN an)

AHEEF MOTA, IDF1 545 % 1) S 4y Bk A8 50 0 B
TR, Tt B VA 0 b S BRSSP 1 T L
B TP R, 2 0 R AR ST 25 @l A AR A R i oG
AR

AR ARSI VALL T 8 AR T 27 5 5 1 - 1Y)
e B (IDs) FH T Ge T80 v B 5 00 B 18 DG 3K
B, B WU IE B Y 2 B bR R R
(MOTP) F F i & %2 A 19 JLAR f 22 5 32 22 R
(MT) 5 FZEI (ML) W53 7 FRAE T 9 L2 R R
K I 80% FIAR J&20% 11 3 Fb 191, Jiz e 3 3k
it b 230 5 2 FE 30 1) R B 7K
3.4 5HMAENILE

R T AT R E AR SCHRE 0 TR A ROhE AR
T5 5 S R A AL HAREREE LT T
WX H . W H T R T 2 B T R T vk (n
KSP-DO (Chavdarova and Baqu, 2018)) .3 F E {1k
1773 (4 GLMB (Ong 4§, 2020) ) LA K 5 57 1) T
F W fl & 5 Transformer B9 SOTA 75 & (4 ReST
(Cheng & 2023) , EarlyBird(Teepe 45 2024)),

W 1 PR AR SO EAE Wildtack B 4E 3%
B E AT RR IR . AR TERR MOTA I, AR SC
TR ENT 89.70%, LT A 0 & A7 1% Early-
Bird 2 1. 78%. H Atk (1 DL 35 BRLAE B s At
JEVER IDFI F IDs 4645 | o 5 ReST #l EarlyBird
HHLE IDFI 43 R TE T 5. 53% Fil 2. 04% , 3% R A
SCRLARY A b PR LS 5 N AT S R ] R BB
i A 15 T s [ 1) By — B
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Table 1 Performance comparison of multi-object tracking on Wildtrack and MultiviewX datasets

VG RES Ik B3 M?TA M?TP IDF1 1 Mr1 Hf y
KSP-DO(Chavdarova and Baqu, 2018) CVPR2018  69.6  61.5 732 287 -
KSP-DO-ptrack (Chavdarova and Baqu, 2018) CVPR2018 722 603 784 42.1 -
GLMB-YOLOv3(Ong %, 2020) TPAMI2022 69.7  73.2 743 79.5 -
GLMB-DO (Ong % , 2020) TPAMI2022 70.1  63.1 72.5 93.6 -
Wildtrack DMCT (You and Jiang, 2020) Arxiv2020 728 79.1 77.8 61.0 -
DMCT-Stack(You and Jiang, 2020) Arxiv2020  74.6 789 81.9 65.9 -
ReST(Cheng %, 2023) ICCV2023  84.9 . 84.1 86.7 87.8 -
EarlyBird(Teepe %, 2024) WACV2024 87.92 87.81  90.19 78.0 10
WST-track - 89.70 77.74  92.23 8780 7
Earlybird(Teepe %, 2024) WACV2024 8842 8577  81.52 84.2 45
MVTr(Yang %, 2024) CVIU2024 914 950 82.9 96.1 -
MultiviewX
REMP(Dakic %, 2025) PerCom2025 81.0  85.8 - - -
WST-track - 80.42 < 867  84.42 88.13 8

E L A A T e PR

TE MultiviewX £dig 4 I, AR SO ik RIFEARFF T
W H e G S K. MOTA 5 MT Y00 F 387k
EarlyBird , Ui B AUGT B A5 09 A 0] 5 88 35 58 1 08 .
A IDFI $8 AR A 2 3h /5 IDs )\ EarlyBird 1Y 45
YRR B 22 8 K, i — 2L ENUE T AR SO I 7 5 R
FAORHR I MM AR e M o SRR B DI R BUR A
SR EE R R SE . 1945 T8 H AL 25 Al A AR
Yoxt Iy RREE A ROCR A BB R R Y B
XAF BAE BEV 25 [A] Hopb gl £ H AR R IE R IR o
TXRPAFAE 2 1 )3 SR AR 8 K 28 BAnfE A
A JE N AR A S O RS B U O T AR 58T A TE
PSR B K ID B A (AR, 5X)
J7 8 i >R FH A 2 B AR AL B Transformer SEHEA
[F), A SR T 36 T4 1k 1 Bl A5 8 1) 7 2 R 3t
FrI s Xk o IDFI1 R IDs K04 A 1 HuiE i 7 24 i
Uiy D) 265 HE 8 1) A ) o B AR PR Y I A R AR I, B2 2 1Y
JE AL IFAE 2 B AR IRER I MBS . R R Y
BEV FHIE I 2 R 1 A58 SGHR (R HE B, {45 f7 SR 1Y
LTI B AT SR R A AR AR

TSR E AR S A T R A AP T IR
S BR R RE R U, PPAL T AR A Sl AT 55 Y
LKW, £ 2R T AT S Deep-Oce (Baqu,

2017) ,MVDet(Hou %, 2020) ,MVTT(Lee 5%, 2023)
& EarlyBird (Teepe %5 , 2024) % F i 7 ¥k 7¢
Wildtrack #1 MultiviewX B85 F (R 48 #5 X FE o

3 B R AR SO R AE WA B 4 38
AR S i A A AR R R AE MultiviewX %
P4 I, Recall B3k 99. 10%, MODA 35 95. 70%, 13
T T i 8R4 (19 SOTA 32 5% ; Wildirack K35 5 11
Recall ZREFFTE 95. 79% B @m0 o % & 08 43 0] R I
FEREAR T IR, A IR T R i R % 1) A R
B30 2o A 2 AR LI A A B O iR R
UEIE AN Ty S R LI v e, DT PR e 1 SR 2 B B
) IDF1 FH .

F T A T R S R R 2 B
N T AEERL S S L 0 A BRI AL R A A
(Frames-Per-Second , FPS) FHERNT . A ELE
BBk NVIDIA RTX 4090 GPU | 5238 T 18.5 FPS 1y
QPR A RAETEL X EUE WA T a7 [ 45
25 MVDet (Hou 45, 2020) i EarlyBird (Teepe A
2024) , fHA T LA RN B SR A Z [ U T
TR AP PERE2E FUR TARERGIA T X
Y B2 | S 1 1 A s il S AR e, BRI BT N
TR SR HHA RO T Z A N KR
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%2 Wildtrack 5 MultiviewX #1355 &1 gE X EE

Table 2 Performance comparison of object detect on Wildtrack and MultiviewX datasets

Wildtrack MultiviewX

Wik:S MODA MODP Precision Recall MODA MODP Precision Recall FPS
Deep—Occlusion(Baqu, 2017) 74.1 53.8 95.0 80.0 75.2 54.7 97.8 80.2 ~1.5
MVDet (Hou %, 2020) 88.2 75.7 94.7 93.6 839 79.6 96.8 86.7 35.2
3DROMT(Qiu %, 2022) 91.2 769 95.9 953  90.0 837 97.5 92.4 -
MVDeTr (Hou and Zheng, 2021) 91.5 82.1 97.4 94.0 937 91.3 99.5 94.2 12.5
MVTT(Lee 5%, 2023) 94.1 81.3 97.6 96.5 95.0 92.8 99.4 95.6 15.6
EarlyBird(Teepe %5, 2024) 90.4 812 93.7 96.6 944  90.5 98.7 95.6 22.8
WST-track 91.28 70.14 95.49 9579 95.7 87.1 96.5 99.1 18.5

T L7 AR BT R DAL, ~ TR K S AR 18 SC PN A TG

WP A&, {15 MODA FEAn42 % 91. 28%., ALk
TR FE H A& TR S HLET A MVDeTr (12.5 FPS)
MVTT (15. 6 FPS) , 277 %A H JR i i 15 BR il 35
R RIS i e Y e = WA ki e )k S R
L5 B RTIR AR D7 vk S TR 5 A 7 B B v
MG—, — i RE LR E TR,
3.5 HmREI

J T IRAGEIEA ST PEHE SR T 25 A L 1) 5T
ik S B R M RR I 52, 78 Wildtrack B84 L IT
BT ZGNHASER . S F B FE S LA A
B A BAS () B 25 il WL T A 22 5 0 R O A
G3HT

®3 ZOEGHBLE

Table 3 Ablation of core components

EE mE EE

R P MOTA IDFI  ID
% me 9% :

Baseline N - - 86.50 82.15 45
keI N J - 9012 9040 18

A7 N N v 8970 9223 7
ML AR AT R e

23 WMRR T B 5 AE LR S RlE 5
HEG 335 SRR M B A AR R . O,
FEAAE FH Bt J LA 485 i SRR AL v | R Gl = X
Bf P B FSCrEERE . R MOTA 58 T
86. 50% , {5 H T JC ¥ A3 25007 % 38 $4 -5 B R AE &
e, R WL SRR IDFT 8RR 82.15%, H.
By U4 R BT 1K 45 R o 3 38 B B4l 1% 25 ] JE

TESNASE 7350 T XME LR IR UE I RRIE AT

B S, E5 AT AT ZS A A RS | AR R
WS T 850 . IDFI KIEER T 2 90. 40% ($& T
8.25%),IDs B FE 18 . X —Z55AT Sy bR T
I 1 sk A5 JE X 224 i it 4 7 R b 4 A 0 B
A 2 il L D8 2T PR 44 36 ok A R T X
BRI T BEV FAE G

e B AT A N R B 5, SE AR
1) IDF1 523K 5)92. 23% , IDs #F— 0 [ 28 Fe {1 7
Wo S MOTA TE BL B BEws A 11 3 (89. 70% ) , {H
Ty —BebE i B PR TR 8 X o R E R i
)R IR 2 8 P BRI T R RS HE 32 3l e 50, T ACT
VT B TN, DTS B T R R P B KAk

R T B EAS ST RE R SRR A A 2R 4 i
— X T AN R Rl A L PR R 2E 5

x4 BRAVIHIRTEE

Table 4 Fusion Mechanisms

. g )
il A HL Jejiy MOTA T IDFI 1 IDs |
EAEPHE 1% 88.45 89.10 24

SRR =
HOLERS th 89.70 92.23 7
T A RO AT R A

89.50 91.80 12

SR 2R R BN, AN B B PR R WS B AR T
A B AR (H i T B2 SR X 55 538 5L IDFT AU R
89.10%,IDs 3% (24 ) . MILZF, & RHFEE T

PLH BRI T T I SZ B 8 IDFT $2 71 % 91. 80%,
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HEHEEHESIATE RWTFEIFE, B 2
BT SRR TR

AL, A SO th g AR AL A
AR E S EREZ RIS T B, DRI
1£92.23%, H IDs fie/b o X3RO0 10 2 T BRAE =)
TR 28 SR PN, AN DU HE AT A2 3l (14 B 23 G Bk
e RO DN b S E Y e R @ e S §
SRR AT SE I T i i LA REAE B 5

RS SYUHBRMESHT

Table 5 Parameter Sensitivity Analysis

P H R/

) Kol 7 iR MOTA 1 IDF1 1
LR ) - 86.50 82.15
3 1.5s 89.50 91.80
5 2.5s 89.70 92.23
7 3.5s 89.65 89.65
9 4.55 89.20 89.20

E L7 A o BEAT e (L

BEEEOA/NT MOTA 5 IDF1 B9821

T;‘l T;3 T;S T=7 T=9
- 1.5s 2.5s 35s 4.5s
BFFEOARN (T)

B3 T8 RN MOTA 5 IDFI (53205
Fig. 3 The influence of the temporal window size on MOTA and
IDF1

ST R FE B ) R A K BE R REAE il B I A Y 52
e, FRATTNF IE i 1R/ THEAT 1 80U 52
W KRS MK 3 o, M T 1R 5wk,
MOTA F IDF1 $54r 2000 35 LI, X R, iE
MY T P IRz B A5 AR R 8 A 50R D s e
R SERN SR B AL X, B T B P R
T2 T=5 BPULE R TR RRIE(H . BEE Tik— L=
759, A PERE TR R LR AR T, BT IR
X ELIER AERWERIG 5T W K A Y 85 B 2
SEAT NS Bt K, BV S| AR S| S FRAE X

FEIRBIRZEN TIAE RWS . 05 % BREDR
5 RGN A SCR BRI T R 54 BOA Y
7 0 1 SEEL IS AR A DR HE L JEE 1) [
ST AR B — Bk

x6 MEKRHHW
Table 6 Loss Function Analysis

GIREEHIEEN MOTA 1 IDFI 1
A& U AR 88.50 92.65
AR+ =TT Ik 89.70 93.23

J TR R TR = SO A A R, FRAT]
Bt T ANk 6 Frs M Al 52 5 S 25 R o, 5l A =
TR S, 2 BARIRERFE AR MOTA $271 1 1. 2%,
IDF1 3T T 1. 5%, 33X 3E B = o461 4 1 i 5 AL v
FEAIZYE A0S T 2 250 B R TERE
3.6 TFIRA{LSEIE

R T B UEAS SCT i 7 vk A P Y 3
e, K 3 7R T 1E Wildtrack #4542 LR 5 B¢
W 5 e 5 04 b B 2 Pk R AE R XT EE . AN 4 fip
N, B R H AR (ZURERR TR ) 7E 12 2 03 B 203838 T Rl
TAT NI s AR . B 4 R —A T i 2 P
HRE— PR 5L, 1% B ARFE R 20 3 A LA i Bl ol
£ R AL T 53 B 58 A PR A v A SR
(B2 =, 3K hy 5 I 25 G B R TR R Pk . anEs AT
7, EarlyBird 75 t1 B ZI GEAS 1F 8 BRER HAn. SR,
2412 I 2] e A P E A Y A, T R AR SR R S K
LIS (AR | B 2 XI5 R SCH A RORT A,
FECH PRRIE AR P AR el KOG B, M H
BRTE 14 1 20 53 56 4 AT, RGE AR RERH 5 7
B SCIR , AR DR ML AN C TR B0y 1D, KT By
Y, MEZ N AR kA5 88 T8 AR 2 iR
FIREHXT Py Lad LA R G BBt 2 BF 2 H
DX SBT3 I b AS: 2R 5 P ¢ Bk 200 s Joi o g SR
SRR AN AT RAE . Pk, RO L85 1 ™ 5 AR
DEHEFY BBV SR BT A T RRAE 0 T S AE 14
i 2R R4 T B AR R B ID. X — ] M4k
45 L O Hb AR T TSI AR SC T R AT BR HUAS:
i IDs 55 IDF1 R 5, 585 B E 1 23 B S
R W T i i 52 2% IR 5 B 30 T 2 ) R Y R R
PEfE .

11
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FEUABCR LB
2 o t3

HAMABEHBER (3
El4  Wildtrack ZE 5 ™ E PS5 0 BRER SR XS H

Fig. 4 Qualitative comparison of tracking results under severe occlusion on Wildtrack dataset

W 1) 5 S PR BT s | A SCRR TR iy 1 48 1) g i
()3 S Pk AR U T B BR R R bR A B T ) A o
o P T BRI R AT A B Oy . X — 2
PEHTIESE , B i i 2R A AR A A s 5 T 2 H
P BB (A B 1 — SO ] e

Bl S E—2 R T AR SO R A~ 2
ZMHHLILA T 1 2 AR A SR . LR
RS B IATE I (Field of View, FOV) (A
A 3 R Jm R P AP AR B 25 5 AR SO
BRI (P R (B 2 2% ) FE 0T PRI Y SR B
2 8] — B S U DG R o FRADRTE AR
AR 138 B X, 85 Il 4 A RGO ThT 1) — 4k B AR
SRABNE DR FEAE HE I [R5, oK s B0 DR 0 A 728 3 S 35011
HUTIER S o BUAD PR LR S R B 2
(AT T8 A DL B S 0 9 O ol 3, XA 2% T i 1)
2%t B iz RS R E B . iR Zs R,
DR Z AR IE S — DL 22 3D BEV 25 (A JF ifE 4TIt
28 RS A, BV AE R A 2 IR LT, LR
A L4 R — B BRI

K5 ORFEALA T Z B ER BT T AL
Fig. 5 Visualization of multi-object trajectories across different

camera views
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B G ARG R R 2 g Je i, F— 2 A if
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iewX | HEAT Y 52 90 45 SRR WA SO i O U A
(A BRER P RE , RE IR AE By — B b R .
T il 52 35 2 22 E R BR A AT 280 L D s i i 52 e
ARSI IR T 7E s 28 R AE T, i B Ze ik
iz SIABETRY F DL S R R 1) B TG

AHIFFE 1 A AE— 2L R PR M, AR R F BT A
U2 R AL S YRR SR 5 £ RO B BE T L 4R
RIS . RIS AR — LR R . e AR
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Ji& | X BER A LA T334 R 2 FPS, R AR SCHE
T4 Tl S 06 v T SRR R KB T=5 X6 B
[ 5 2.5 Fb. FESERR 30 FPS Wi i s,
A AN TEA T EL 4 I T, SRS R ] P A i s b
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