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ABSTRACT

This paper describes the improved environment recognition algorithms using some type of sensors like LiDAR
and cameras. Additionally, integrated control algorithm for an autonomous vehicle is included. The integrated
algorithm was based on C++ environment and supported the stability of the whole driving control algorithms.
As to the improved vision algorithms, lane tracing and traffic sign recognition were mainly operated with
three cameras. There are two algorithms developed for lane tracing, Improved Lane Tracing (ILT) and Histogram
Extension (HIX). Two independent algorithms were combined into one algorithm - Enhanced Lane Tracing
with Histogram Extension (ELIX). As for the enhanced traffic sign recognition algorithm, integrated Mutual
Validation Procedure (MVP) by using three algorithms — Cascade, Reinforced DSIFT SVM and YOLO was
developed. Comparing to the results for those, it is convincing that the precision of traffic sign recognition is
substantially increased. With the LiDAR sensor, static and dynamic obstacle detection and obstacle avoidance
algorithms were focused. Therefore, improved environment recognition algorithms, which are higher accuracy
and faster processing speed than ones of the previous algorithms, were proposed. Moreover, by optimizing with
integrated control algorithm, the memory issue of irregular system shutdown was prevented. Therefore, the
maneuvering stability of the autonomous vehicle in severe environment were enhanced.
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Table 1 Specifications of the sensors

Sort Type Spec.

Recognize up to 50m

LiDAR (2%\/[ iﬂ%z}%) Resolution up to 0.25°

Scan speed up to 50Hz
Vision Logitech ¢930e 90° diagonal Field of View
(Webcam) Support up to 1080p 30fps
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Fig. 1 The experimental platform for the autonomous system
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Table 2 Detail components of the controller

Sort Spec.
Mainboard Advantech AIMB—275 001AE
CPU Intel 17—6700
GPU Nvidia GTX 1050Ti LP
RAM DDR4 19200 16G
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Fig. 2 Temperature change before/after control PC tuning
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3.1. Integration Software Architecture: Hye Ahn
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Fig. 3 Structure of the autonomous vehicles system
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Fig. 4 Software architecture of Hye Ahn program
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3.2. Subdivision Module Classification

o

0] BER FAEo] 9o, 7t K
S gt GUIL Bs2 AREARe] A}

2 75 AX(E-STOP) 59 ¢4 A
1 2o =t 7F AlXet REE] 4
33}, Autonomous Drive Moduled 533
2]k}, Platform Management Module
=P ET RS232 T4lS @98, 75
HH| &5 7)o, 3‘—0 z}, Beola ¢, =y gk 59
g}, LIDAR Management Module
©] 7%, LiDAR®}9] TCP SAIE wdahe, A 9 o]
S %Al 3}, Visionl Management Module, %

I~

.
T
“

o

0
2 1y
> I
1. H
o o

o2 3t
Sl

N rlo
[t
il

i
)
tlo
n& =)

flo ﬁ oW o wt
il >
X e
o e
_O‘L
;-4

)
o
N
o2
il

OTL
FHlEkE 3l dioleE 21 wol, A % S
38 F3it}, Vision2 Management Module, AH
FHlERE 9 dolHE w1, &2 AT Q14 2]
=5 48831t} Vision3 Management Module2] 78‘ - =
W FHEE B8 dioleE FHse Badoz s

AL olAEh= deks gt}

4.1. Improved Lane Tracing: ILT
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Table 3 Average processing time of 10 executions

Algorithm Processing time(ms)
C&H 87.17
ILT 43.02

4.2. Histogram Extension: HIX
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Fig. 5 (a) Before and (b) after applying HIX algorithm

4.3. Enhanced Lane Tracing with Histogram Extension:
ELIX
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Fig. 6 (a) Input Image, (b) ELIX rescan, (¢) ILT rescan 1
and (d) ILT rescan 2
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5.3. YOLO
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5.4. Mutual Validation Procedure: MVP
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5.4.2. MVP-YOLO
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6.1. Obstacle Detection Algorithm
6.1.1. Data set received from LiDAR
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6.1.2. Set Region of Interest (ROI) and Object
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6.2. Obstacle Avoidance Algorithm
6.2.1. Danger Point
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6.2.2. Steering Angle for Object Avoidance
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Fig. 16 Operation principle of obstacle avoid algorithm
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