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Research on the fusion algorithm of vehicle object shape-position
based on stereo vision and lidar
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Abstract : Environment perception is one of the key technologies of the intelligent vehicle. However, there are limitations in object
detection and object positioning by visual sensor or lidar only. Based on the image and lidar object detection, a fusion algorithm of
vehicle object shape-position using stereo vision and lidar is proposed in this paper. Firstly, the deep learning methods are used for
object detection on image and point cloud. Then, the shape-position of object is determined by the object shape-position estimation
method based on 3D points and object types. Finally, the image object and point cloud object are fused simultaneously after data
association and the shape-position of the object are acquired. The proposed algorithm is evaluated on the KITTI data set and actual road
scenarios. Experimental results show that the detection accuracy of the proposed method is 5.72% and 1. 8% higher than those of the
YOLOV3 network and the Point-GNN network, respectively. In addition, the average error of object shape and position within 20 m is
4.34% and 4. 52% , respectively.
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Fig. 1 The coordinate system of camera, lidar and vehicle
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Fig.2 The clustering process of 3D points of image object
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(a) The central position of image object
based on the barycenter of 3D point
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(b) The central position of
the actual image object
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Fig.3 The central position of the image object based

on the barycenter of 3D point and the actual image object
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Fig. 5 The result of point cloud detection based
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1.3 BB5E=zBRMEH*

UL BRI AN A 30 3k R o5 A B G 28 53] i
FE Tz BARAYSMNE A B 338 o IR 2 ) /Y ik
HEF TR A AR I = HEAE S NRT RO L E S 5
ARG BARHLE = BARJa , I HOE T 5 5L 5
A e ™ IO T s 5 AR BIL 22 18] Y e 5 S #% 40
MR T, WK 6 iR,

WG TR IR SR E B BRI .

1) B Jei B —HORAT A BN KAh—FER
J5 TR A AR E AR 5

2) [FIEHE S ZEAHPLATEOG TR 1K, SR )5 WO AL s 43 5l
TR E AR A e MG R = e

3) Al MATLAB S8 ibs a2 , AR BUEOE TR ik S AL



214 % # AX

F42 8k

W5
EHBERFS  ~ )
BOLER M ERH] ——> IR — PR

Ko ZEMpLS oL B bRE A
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Fig.7 Distribution diagram of various objects
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Fig. 8 Platform of the experimental vehicle

2.2 EF KITTI BB ERNEXRIE

AR TR TE V45 sl g, TR AR s A
PHAE N TARTE: LA RIME , oA 1 GRAIE S5 SR I 9 e | A%
SCRFATEIY KITTI BRSO GE LA K s 2 5000 45 53 ) 32t
7 YOLOv3 Fl Point-GNN [ 2% )il %k, H o Il %k 4
8 000 5K, M4 500 5K

SFF AL RS 383 YOLOV3 R 28 Il 2545 H i AL
CHE, AT, S5 R aE 9 R

(a) BR H ARAS 9 B AiE 48 HR G Fic

(a) Image object detection, feature extraction and matching

@ AR HAR A EGHR2

SEERESINE ®

) )
L L
(b) PR EL 4R = 4 AR R 3

(b) Comparison of pre-clustering results and post-clustering
results of image object 3D points

® BEHIR A BZHER

o M

>'qu
o

L

I 1
1

1
' Al
r
o

133

[y

3
L
() B F RSP AL LAt

(c) Shape-position estimation of image object
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Fig. 9 The shape-position estimation result of image
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(a) Object detection of the point cloud
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Fig. 10 The shape-position estimation result of point

cloud object based on lidar
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Fig. 11 Test results using the KITTI dataset
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Table 2 Calibration results of binocular camera, lidar and left camera

XCHARL WL IR S 2L
0.9999 0.0059 0.0283 -0.0111 -0.9999 -0.0047
R -0.0057 0.9999 -0.007 8 -0.0103  0.0048 -0.9999
-0.0283 0.0077 0.9999 0.9999 -0.0110 -0.0104
T [-0.4489 0.0008 0.014 1] [0.1125 -0.2198 -0.590 8]
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Fig. 13 The results of vehicle detection and shape-position estimation in real vehicle environment

Vet

12 OGBS FAIHLAY I B I E

Fig. 12 Close observation range of lidar and camera
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Table 3 The average shape-position error between actual

object and vision sensor, lidar, fusion object %
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