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Three-dimensional Object Detection Algorithm Based on
Deep Neural Networks for Automatic Driving

LU Huimin, YANG Shuo
( Graduate School of Engineering, Kyushu Institute of Technology, Fukuoka 804-8550, Japan)

Abstract; In the automatic driving scene, LiDAR camera is usually used to obtain the point cloud data
with high accuracy and perceptible distance. Therefore, achieving object detection by effectively using
point cloud data is the key technology to complete the automatic driving task. Point cloud has the
problems of sparsity, disorder, and large amount. Traditional deep learning object detection method is
difficult to effectively extract features map and meet the accuracy requirements. This paper proposed a 3D
object detection method based on the fusion of voxel convolution network and multi-layer perception
model. The voxel convolution network was used to extract the global features of point cloud, combined
with the local features and distance relationship of point cloud extracted by multi-layer perception. It can
improve the accuracy and speed of 3D object classification and position prediction. In this paper, the
KITTI dataset was used to compare the proposed method with the classical method. According to the
experimental results, the accuracy of the proposed method is significantly improved than the previous
methods.

Key words: autonomous driving; point cloud; 3D object feature representation; 3D object detection;

deep neural networks; model fusion

WO H 1. 2021-10-27; 181 H 1 2021-12-06
TEZ R BEEE0(1985—), 5, BlZdz, HARJUM Tk k2:, EZMNE AN T8 IR U FdL#s N F R 77 i ik og,

WEEE

E-mail ; riku@ cntl. kyutech. ac. jp
B 9(1994—), B, WA E, HAJUM Tl Ry, EENETHE YL LS A B4 6 7 1 i) BF 72
E-mail ; yang. shuo264@ mail. kyutech. jp



590 d = T Wk Kk % %

2022 4F

UEAF K Bl X N T BE B AR B TR BT 5T N
WOCTIBAHYLAY )2 B, B 2 E 1 = 4k
FI ARSI 77 i 1A AL gt A 32 B A R 3 25 g 45
BRI T AR ) 2 — . 5 3 SE AR AL AR Y 4
BRI, s = B A & W R i R 2 5 L5 &
ANASCRT LR B AG 0 2 5] A RE AL, ad LA B s )
PRE) == (a5 8. I, 78 A sh 2 B AL & AR
WCAFAT S5 o, A1 %0 05 = B0 9 =4 b A I 7 9%
SR DR SCRE N B RN T A S Bl g
595 50

K1 Asiagtyss =48 =8 fl

Fig.1 Example for 3D point cloud and autonomous driving
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Fig.2 Module of 3D object detection algorithm for automatic driving based on deep neural networks
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Table 1 Results on the KITTI 3D dataset (1)
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Table 2 Results on the KITTI 3D dataset (2)
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Table 3 Results on the Waymo dataset (1)
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Table 4 Results on the Waymo dataset (2)
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