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YOLO-based Real-Time Object Detection Scheme Combining
RGB Image with LiDAR Point Cloud
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Abstract

In order to realize autonomous driving, detection studies on real-time driving environment through various object
detection algorithms are actively being carried out. For this purpose, object detection is generally performed by RGB
cameras. However, in order to improve the sensing performance of the driving environment, it is being complemented
by fusion with other sensors. Therefore, in this paper, we propose a YOLO-based object detection system by
combining RGB image data and LiDAR point cloud for object detection enhancement and real-time detection. The
KITTI Benchmark Suite was used to evaluate the performance of the proposed system. As a result, the object
detection rate was much better than that of the RGB camera alone, which enabled a low detection rate.
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Table 1. Performance evaluation of a single and combined
object detection system

2D AP(%)
10U=0.3 10U=0.5 I0U=0.7
C-YOLO 89.50 87.97 84.31
D-YOLO 82.23 76.81 69.82
R-YOLO 80.47 75.02 67.79
WM-YOLO 95.05 93.80 90.80




3 AN AR G

‘moderate’= 28 A7} “partial occlusions’, T4l 2]
=07} HA 2594 ‘hard= ZH AE7F ‘higer

occlusions’©] ™ TA 9] =o|= ‘moderate’ 2} 2T}

precision
o
2
o

easy : 88.78%
moderate : 76.2%
hard : 50.77%

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
recall

(@) C-YOLO

precision

easy : 78.78% |
moderate : 65.05%
hard : 42.07%

o 0.1 02 03 04 0.5 0.6 0.7 08 0.9
recall

(d) WM-YOLO 1 b DYOLO
a2 1. A Ex| 2o
Fig. 11. Object detection results 09
w3 v A g8 AzEe] Adl A2 4
ol3t A9 0|59 §3S Fi M RAHoH S
Aol FEE A AT F Aslen §3H os casy 8162% | |
et2 Ax dAl= a9 1194 BEoZth C-YOLO
oﬂ}\.] EIU_Z]'—G‘]_X] %?l_ 7(:)]7:”}\01_;4_% D_YOLOQ]‘ R_ o 01 0.2 03 DAreca”Dﬁ 0.6 0.7 08 09
YOLOE 7tz 4107, 370708 ®AstEon, D- (©) R-YOLO

1

YOLOYA  ®AskA] E3 49 C-YOLOS} R-
YOLOE 1,1507H, 76478, R-YOLOOIA BA|&}A &
3+ 7% C-YOLOS®} D-YOLOE 126770, 921712 7
AdAE FAE AT

precision

42 HHe Lho|Zof mE Msmot moderate - 8167%| |
0551 hard : 52.78%
KITTL Holel8le] 4537} WA e 943 A
o] 7)o Ae Az wa ¢ » moderate’ (d WM-YOLO
2 e casy’, mmocerats,, J8 12, ol ol mE HUTS} MHE
‘hard’ 9] 37HA] Ho|E2 Ut ‘easy= ZE AL Fig. 12. Precision and Recall according to degree of

7} c‘fully visible, A =o|7} HA 40¥A, difficulty



Journal of KIIT. Vol. 17, No. 8, pp. 93-105, Aug. 31, 2019. pISSN 1598-8619, eISSN 2093-7571 103

19 129] C-YOLO, D-YOLO, R-YOLOS} A<k
WM-YOLO & %3+ I0U7} 0.7¢ w2l APE 3714
do|zo w2 Yeplon el AlxHFe] HF
Hlw AZE 7 20 Jeh ok
E 2 Uo|zof m2 Ms u|mEot

Table 2. Performance comparisons with respect to degree
of difficulty

Detection 2D AP(%)
time [ms] | easy |moderate| hard
Faster R-CNN[15]| 2000 8671 | 8184 | 71.12
MVI9] 240 8980 | 7976 | 7861
WM-YOLO 77 9089 | 8167 | 52.78
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