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3D Object Detection with Low-Density 4D Imaging Radar PCD

Data Clustering and Voxel Feature Extraction for Each Cluster
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Abstract In this paper, we propose an object detection using a 4D imaging radar, which developed to solve
the problems of weak cameras and LiDAR in bad weather. When data are measured and collected through a
4D imaging radar, the density of point cloud data is low compared to LiDAR data. A technique for
clustering objects and extracting the features of objects through voxels in the cluster is proposed using the
characteristics of wide distances between objects due to low density. Furthermore, we propose an object
detection using the extracted features.
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Fig. 1. Object Recognition Process Diagram

3.1. ZZMA MR

JSON©ll= #lojt& 5ol 745 E419] 3t HlolH
9 =& o7t A= o] 3tk JSON HolE&E
pythong &ofl 15l HlolEg F&olm &3t
PCD dlo]el9] A% Numpy? PyTorch® &4 EFY
o Hgkolo] o] Fgof| ARgETE. At T2 XA
g 71HE9] AS FRAS o]Hol| 28 A DBSCAN
Fel G € 5 W] il £33} ol ¢ H gt
ot J85= A4 AL AsteE o] HolHE
Ash7] A o529l 3715 0~1A0|2 Hkslo] ARG
is=s

3.2. =&t

o2 dolg 7k AgE vlns A4S FEskes +A
3} 79l DBSCANS 53] #3stE zgsict,

o 542

Jm

x|
(=]

$
M
~
oE
mjo
ikl
()
rok
w
O
i
>

DBSCANS] dgtoll= 24 A2|ef 24 77t )
o Fa A2 4 AADA0NA ZA < ZA] Ate]
of &4 30cm ol AT Agte #3187
off A4 Ate]9] AzlE 30cm=E Aokt Ha 7
o] 4% 10712 A5t A=z Q4ske 7IEe 474
ST @A PCD ElofEle] A9 AT o] A
A &k710l ElolEol e x, v, z &0l m TEH=E
A= ot S ©eIE REgsto] DBSCANC] &4
dojof= 0.3, #4& 7ieolle 102 st 28k

rO

W

A= Aol oigt 2 e s &

3.4. E4 F=H(Extract Feature)

7€ VoxelNetolA4 Voxel ¥% 39S o]-85}o]
Tdo] e 4= Sl= FHE wilsiylon REIE
3 PCDY WIS siZsith o, dx) AFol Ar&st
£ dold9] A¢ "ert 22 ool Qlrt. 17|
RESE B8 W AA A A 7hs Hd et
Hrhe EAIKEC] Bttt g BAEES skt
2HolA B FESH= 71ME B9l diEstieH
=2oAE 27K B4 & 7S AARITL 352
2 749 B4 § =59 39 48 #4 sgete
tloleE9 B ol&d 119 =& HoE A
A2 gt

40, HRY HA
T3 PCD HlolH9| A, HaghE &3 vk
HIAE TS v HA9] 2715 o83t B4
FE2 A sk HEY x, v, z # FAWG
I Hgto] Aolg B3 gk Afole] Zolg € 9l
o AR AL, AREE] AHA| 5 271E S8 b
Y 4 Sl olof] wet gloly FEi=

Z



N
~
N
o
Hi
o2}
HT
[
P
ofm
r=
~
>
J&"
Hn

Al HM15¢ M6z

A Iz, A=, oIl dolE 2= 1719] Hog Helst
o $EoR 7ot BEY Bt U6 Ve, A=,
*°|, =57 9HZ S4E e

3.4.2. B4 EXN x==(Voxel Feature Extract)
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Table 1. Object Classification Accuracy

Extract feature |accuracy|precision| recall |f1-score

Bounding Box | 85.14% | 79.68% | 80.16% | 79.91

Voxel Feature | o1 oo, | gg68% | 87.23% | 87.94
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