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Abstract : This paper presented a method for improving multi-object tracking performance by incorporating object label
information derived from a Semantic Dynamic Occupancy Grid Map (SDOGM). The SDOGM is continuously updated using
deep learning - based perception algorithms, but its outputs may still include missed detections, false positives, measurement
noise, and temporary inaccuracies in label probability and static/dynamic state classification. To address these challenges,
this study proposed an Extended Kalman Filter (EKF) framework that employs label-specific motion models. In addition, the
SDOGM-derived object labels and motion states were further refined, and issues such as incorrect heading estimation due to
vehicle reversal were mitigated through a dual-model prediction approach. The suggested method was evaluated using the
nuScenes dataset and an internal experimental dataset, confirming its improved accuracy in state estimation and label
classification.

Key words : Autonomous driving(AF&55%), Semantic dynamic occupancy grid map(QU|E2 B4 AAA|L),
Multi-object tracking(TH5 Z§4]| $=4)), Extended kalman filter(Eg 29t T E])
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Fig. 1 Input sources for the semantic dynamic occupancy grid map include: (a) object detection results from BEVFusion
applied to multi-view camera images, (b) BEV-level object representations produced by BEVFusion, and (c) semantic
segmentation outputs from 2DPASS applied to LiDAR point clouds
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Fig. 2 Overview of the proposed multi-object tracking framework
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Table 1 Label-wise object count in each scenario

Dataset Scenario Car Bike Person Other
Scene 98 37 2 11 0
nuScenes
Scene 272 6 3 10 0
Naebusoonhwan 28 0 0 0
Laboratory
Sangam district 34 13 30 1
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Fig. 5 Driving environments of scenarios: (a) nuScenes highway scenario Scene 98, (b) nuScenes urban scenario Scene 272, (c)

highway scenario on Korea's Naebusoonhwan Road, (d) urban scenario in Korea's Sangam district
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Table 2 Scenario-wise evaluation of object motion state classification, label accuracy, and ID switch
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(SDOGM) 1 ( )1 (Tracking) 1 (Tracking) 1
Scene 98 90.1 % 98.4% 93.2% 100 % 15
Scene 272 92.8% 98.8 % 96.8 % 100 % 2
Naebusoonhwan 97.7% 100 % 100 % 100 % 1
Sangam district 89.1 % 97.9 % 95.3 % 100 % 23
o=}, Dynamic/Static accuracys= Z1A|7F 8 F114] A E5RE =4 S-S Rt oA 54 Azt
A FEIAE o] 2 A o2 3 B =S e A= GAlN A 5784

™, Label accuracy= 21, X =}, vlo] 7 52| A &

Ao -1 8 4 D7 A7 7 vl whe} 2
952 LpERm, o] = 217 Z4¢] 443} £
2
_?_

=
S Wbk AER 25 QPgAQ) F4

yul h
T A A BAA AT 90.1 %, 2 ST 98.4 %
& 71E3lon, 4 duglF 48 F 247 93.2 %9}
100 %2 A=At o= 315 olF F

ID A $ho] 153] A=), o] = x| Ahgo] WHE =
2 95 FA S8 2HY /7 FAska, AXHE
Tracklet®] AW 2}eFa} W 3tE]= oA 25w 54

=5 7F A ST
Scene 2723= TR 215, who] A1, WA A StaL
the] e el iAshs A A Lot 9
v 2 B AAA = @AM 5/ e 92.8 %,
Zhll Aotie 98.8 % 715l e, 54 daElE 4
& 5 77} 96.8 %, 100 %= N E AL, 1D HEH-e 23]
off Eakge}. ofi= ARk Lare]Fo) 134 A4
S8t RIARE e wstel] adHo s eets

rN >
A\«
W 1T 1o ox

T2 OFFH A abFo] 713k w1A A
AT A2 E = g of| A Bk Ry,
YR 2 Auke] = x5 A 248k g
S 2 T g o) o4 A AXA =
A A /42 A= 97.7 %, 2Pl A= 100 %S 7]
Falgon, 4 dugF AL F 7 A% B 100 %
= A ID AE-e o 13] whgl o o] = thFsh
£ Bgl 20 = darE|Fe] AdS HoETh
A AU Q= A, vlo 4, By nEER &

350 sH=2E23eE =2 A34A A3E, 2026

- o = EH

H ) RS = 1 -1 -1
H) BLE Aue] oo A 2R ASES @A e
T A EE d AU 204 100 %E FARoH, &
1784 ZFE 2 A EE R U 95 % o)/ 7156t
9Lk, ol AQHEE Lwelo] AR)e) ofu] 4 n.o} o)
Wsks aypd e el 4 e TN
9182 Wl FUh thel, AA WHES 31 BB gl
WS o = S8 AHY o= Qe ID dg 7
w7} F7bake 7 o] vehakl

42 23 45 HR 24
B Ao A3 Algkel: 34 7] &9

% g

o
ftl

mg 0 _,>‘_, ol
K oo ox
)

oxl oft mN = X K

ol §
=
%)
=
a
8
9]
o,
<N
-
BN

Ir o
ke
0
Shl
o9
>
2,
2

=2
R
i
i
N
&

ko

B
LN
2
Y

ol

O
2

N

2

oft

I o
g,

K
o
_0|L
RS
52
rlr
2
o
Ay
%
b4 &
fqr
2o SN oo o

Lo £0
—_>‘4—I‘4

O
-

R

i

o

L ooo o2 2L g

O
U
N

e ae PN o
Mr to Tl

o

-

=l

g
B

i

E 1-0
)

©

i,
R
_‘>,_’

>,

Hoto
2
= T

r 3

o Yy r_&
2 oX
AN

folr o2l Y
o o N

H
&
o
(98]
flo
e
r]I.
Y
ro
ol
ol
L
o
ko
i)
2
>
>

o
&

N

)
r d
e,
n)



g2l 7Id 90|12 S HAAZE 8T 2 I AH 24 45 ¥4 71

Table 3 Performance comparison of absolute mean speed error for different multi-object tracking algorithms

Method Scene 98 Scene 272 Naebusoonhwan Sangam district
SDOGM 0.634 m/s 0.553 m/s 0.524 m/s 0.545 m/s
Single model 0.609 m/s 0.503 m/s 0.432 m/s 0.605 m/s
Ours 0.518 m/s 0.412 m/s 0.432 m/s 0.420 m/s

Table 4 Performance comparison of average processing time for different multi-object tracking algorithms

Method Scene 98 Scene 272 Naebusoonhwan Sangam district
Single model 0.283 ms 0.137 ms 0.129 ms 0.357 ms
Ours 0.304 ms 0.142 ms 0.144 ms 0.374 ms
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E3] o= 0420 m/s=, Single model2] 451 Ug] 2o A Single model?} A4S S FA3IR L
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