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Abstract : Autonomous driving technology has made significant advancements in recent years, and various autonomous
racing competitions have influenced the development of autonomous driving technologies in universities and research
institutions. However, in the extreme environment of high-speed racing, implementing a reliable autonomous driving system
remains a challenging task. This paper proposes a Camera-LIDAR sensor fusion algorithm to improve object detection
performance in high-speed and bank-road environments, and achieve processing speeds of 10 Hz by participating in the 2024
College Student Autonomous Driving Competition. The proposed algorithm improves the calibration accuracy between the
camera and LIDAR through internal, external, and temporal calibration. The 2D object detection algorithm utilizes YOLOVS,
while the 3D object detection algorithm utilizes PointPillars. The 2D and 3D object detection results are fused, based on late
fusion. The proposed algorithm was tested in the KIAPI proving ground environment, and it performed reasonably.

Key words : Autonomous driving(AF&-59Y), Sensor fusion(AlA] 3+4), 2D object detection2D Z§A| 7Z), 3D object
detection(3D Z§A| 7<), Sensor calibration(&lA] ZH2] H & o] 4), Racing competition(H]0]4] Th3])

Nomenclature T : translation matrix

BEV  : bird eye view A : 3D coordinates of 2D object detection result
RMSE : root mean squared error B : 3D coordinates of 3D object detection result
7, - focal length x d : distance between two objects
/, - focal length y {3 : 2-dimension feature point

c, : principal point x P : re-projected 3-dimension feature point

c, : principal point y

kjl : radial distortion coefficient 1 LME

k, : radial distortion coefficient 2 A&y dol g 2 dzk AEF3 FokllA
ks : radial distortion coefficient 3 M7 FERro} ghrt. 53] DARPA,” Roborace,” Indy
P, : tangential distortion coefficient 1 Autonomous Challenge” 5 TF&3F 21-&523) @o] A t] 3]
Dy : tangential distortion coefficient 2 = ofe] " & vEete] 714, AT 713 AT
R : rotation matrix 7|s ol 2 S FAANE 3L glo]doleke =
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Table 1 Sensor and PC information

Type Model
Camera AR-0233
Sensors — -
Spinning LiDAR OT128
Sensor processing module NRU-230V
Systems - -
Main processing module NUVO-10108GC-NX
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Table 2 Camera-LiDAR extrinsic calibration reprojection

RMSE
Distance (m) Reprojection RMSE (pixel)
OT128 & Front OT128 & Rear

4-6 0.8784 0.9212
6-8 0.7882 0.8467
8-10 0.8377 0.7545
10-12 0.7716 0.7260
12-14 0.7118 0.6871
14 - 16 0.6405 0.7005
16 - 18 0.7289 0.6706

18-20 0.8119 -
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Table 3 Configuration of front and rear dataset

Front Rear
Frame 1446 1050
Instances 1930 1454
Object range (m) 10~ 150 10~ 150
Target velocity (km/h) 80~ 100 80~ 100
Relative velocity (km/h) 0~20 0~20

(a)
Fig. 11 Object detection results based on 2D, 3D, and late fusion
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Table 4 Evaluation of front object detection performance

Precision Recall

Camera (2D) 0.9798 0.9544
LiDAR (3D) 0.9714 0.6690
Late fusion 0.9619 0.9933

Table 5 Evaluation of rear object detection performance

Precision Recall
Camera (2D) 0.9468 0.9415
LiDAR (3D) 0.8684 0.2043
Late fusion 0.9149 0.9759
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