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Abstract: This study proposes a real-time integrated framework for LIDAR-based object tracking in autonomous driving environments.
Advancements in LiDAR sensors are increasing point cloud data collection, leading to a demand for reliable real-time processing methods.
The proposed framework applies voxelization and ground removal techniques to reduce computational load and integrates clustering and deep
learning-based object recognition to ensure stability. Combining the point cloud data from LiDAR and the IMU data corrects distortions and
refines real-time object movement, enabling accurate tracking in dynamic environments. This framework supports a maximum detection range
of 100 m, with a computation time of 52 ms, a positional error of 1.06 m, a heading error of 3.79°, a relative velocity error of 1.46 m/s, and an
average tracking frame count of 101, thereby improving object recognition accuracy and tracking performance while fulfilling real-time
processing requirements.
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Fig. 2. Ground removal in urban environment.
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Fig. 3. Comparison of undistortion before and after.
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Fig. 8. Deep learning-based object detection in urban environments.
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Table 1. Comparison of PCA and L-shaped fitting performance in

clustering.
Method 10U ' Heading Error (°)
min max Average
Clustering with
PCA 045 3.58 40.15 20.26
C'“s"erl'_”g Wth 055 oo 2420 744
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Table 2. Comparison of object detection performance for ground
removal and voxelization.

Position Heading Time
Error (m) Error (°) (ms)
Clustering w/o G/R 051 010 213 487 1590

Clustering 099 023 177 425 1329

Clustering with V 099 022 1.78 448 15

Method Precision 10U

Relative Coordinates
y

Prigar = (x5, Y1)

B1idar: Box angle

Viigar: Tracked
box speed

O™ Cidar origin >

a9 16, @7F .
Fig. 16. Evaluation method.
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Fig. 17. Experimental route with the HD-Map.
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Deep learning w/o
GR 070 072 051 1.79 33
Deep learning 073 070 0.59 1.63 31
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Table 3. Comparison of object detection performance for undistortion.

Position Headin
Method ou Er(:)r ?m) Erero(i~ (‘%
Clustering w/o U 0.22 1.48 6.63
Clustering 0.30 1.47 2.45
Deep Learning w/o U 0.44 0.98 1.66
Deep Learning 0.56 0.91 1.14
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Table 4. Comparison of clustering and deep learning tracking performance by distance.
Distance (m) Method Precision 10U Ei?'f)llfl?r?l) g::ill(l‘% Elzi)l:c(int};s) ?iz;cmkzg Frag
0~20 Clustering 1.0 0.55 0.30 7.44 0.47 100 1
Deep Learning 0.57 0.67 0.75 4.80 0.33 14 7
20~40 Clustering 1.0 0.28 0.76 8.84 1.07 100 1
Deep Learning 0.99 0.44 0.79 5.87 1.02 99 1
40~60 Clustering 1.0 0.21 1.57 3.62 1.77 100 1
Deep Learning 1.0 0.27 1.15 1.40 1.43 200 0
60~ 80 Clustering 1.0 0.04 1.71 3.85 2.62 67 2
Deep Learning 0.52 0.10 1.59 1.93 2.71 52 1
80 ~100 Clustering 0.97 0.01 2.09 3.89 2.19 39 4
Deep Learning 0.0 N/A N/A N/A N/A 0 N/A

3T
ar

5. E._GL 7-7<4 A Gt

Table 5. Integrated tracking performance evaluation.

Method Precision IOU Position Error (m) Heading Error (°) Velocity Error (m/s) Tracked Frames Frag
Clustering 099 0.25 1.18 5.82 1.48 81 9
Deep Learning 0.67 0.39 0.99 3.69 1.21 73 9
Clustering + Deep Learning 0.99 0.35 1.13 3.79 1.46 101 7
Clustering + Deep Learning 99 037 1.06 3.79 1.46 101 7
X6 AltehE =AY BE 8 AL AlRH(ms)
Table 6. Computation time per module of the proposed framework (ms).
Cloud Segmentation Cla(s)s?fjézzclttion Tracking
Suwics T Undorion Yt LS prriars JEen | St
Min 7.4 1.6 9.6 6.1 27 0.089 0.72 37
Max 25 53 30 20 91 1.2 26 148
Average 15 33 16 10 31 0.25 2.9 52
*Track Management + Prediction
A8 8} IOUE 03002 F7hskal Wef O aR= 2452 4 F 5= 22HY, Hed, SUaHES ded S,
A s HE TN A g WAg A lous el 49 wYd 7}5; B3 7o) F4 45w
044, W ak= 166°% SHEM, A4S #83Pd I0U7} Az, 3 49k &2 dolEAS ARgs A Zedd
05607 Zr}alal Wk © x}+= 1.14° 7|A =) g Ae] <14 W =7 )\g‘—g 2IA7ke 2 Hrksith E8~
T 4= AE 593 oo do|EAS sgdle], F B3-S A7) 0992 A9 I0UE 0252 wom, Hed
HEEEY Hed 7t F4 des it ARk g I0U7} 0392 Ze~Euc; =X AUErl 05702
AARE AA SIXE 7o ® 7Kgk Aot} 7} 71 G} A eaks Hede] 09mE FHAEH R E
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