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Abstract

Among drone autonomous flight technologies, obstacle avoidance is a very important technology that can prevent
damage to drones or surrounding environments and prevent danger. Although the LiDAR sensor-based obstacle
avoidance method shows relatively high accuracy and is widely used in recent studies, it has disadvantages of high
unit price and limited processing capacity for visual information. Therefore, this paper proposes an obstacle avoidance
algorithm for drones using camera-based PPO(Proximal Policy Optimization) reinforcement learning, which is relatively
inexpensive and highly scalable using visual information. Drone, obstacles, target points, etc. are randomly located in
a learning environment in the three-dimensional space, stereo images are obtained using a Unity camera, and then
YOLov4Tiny object detection is performed. Next, the distance between the drone and the detected object is measured
through triangulation of the stereo camera. Based on this distance, the presence or absence of obstacles is determined.
Penalties are set if they are obstacles and rewards are given if they are target points. The experimennt of this
method shows that a camera-based obstacle avoidance algorithm can be a sufficiently similar level of accuracy and
average target point arrival time compared to a LiDAR-based obstacle avoidance algorithm, so it is highly likely to
be used.
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Figure 1. Camera-based Autonomous Flight (left) and
LiDAR-based Autonomous Flight (right)

olo wel AEF o] AFHES LiDAR 7|HHellA] Fhd|
2} 7uko g wWalya 9lon, xH&H 3o A9 LiDARE
7o R sk ATt therE olFa, ks 7|We R
AHgR] S Adetaal el A9 AlREIAL Qs w0
t4]. H A&F3) Asake] skl wet sheetE o]
&3 AgTFe] g gt AFARTE FUNEJAAR, of
2 837t mH)Etar Aol Hlsl & o] It HS
F7 = aEsjor sk AREH|Ee] diEiA = obA kA 7
s AREEE AT wol §E5% AAolrs]. #d A=
WE rEE Feke Asaket ALY F9 HolHE &
H& Tt F= 7Y 2% A45E sl dSske
DroNeto] 2= Al A4 UEYIAS Aeksd oy, ¢
WS shEehy] flElA A vlE

(el [¢) j . H
ZEAP} B3)shs FEAAS AR Agetelor sk ©
o] StH6]. LiDAR 43} Hlaste] 7hvjels o] &&hd
/\_HO]L]- :Lx} = T:}Oka} /\]7_]- Xéi% ;‘qaﬂ 2= 9Jowg gl]-
3 ZWolA sheletel mak A77 s,
AR Ve T AolE Y= vlg 83 7selth
7% AT 283 EE LDAR A4 5 283 o)

< FIske Ves ATt ATHTIE]. AT 25T
‘i“it A7y ==k °%X4+ 7] FolA =A 7438
2ol F2 wAglol| A 2o]H LiDARY Hl& BELrt ¢

o]x]i= wo] QItH9]. LiDARYE %53 AlAol Hls) Hlu
A FE AYEE Holn HT AFelA Wo] &8EaL 9l

AR, @7p7E Fa Heoju 23 5 uFdh AR A
o] AR wio]l vk wEbA = HluA
717} gkal AlZE ARE o]R3 Sdo] H& JHetE V)
HHO 2 YOLOV4Tinys &3¢t AAAEES 33kl Unity
ML Agents Z-&ato] FoJ3 Aol x HA 9 sas A8
sk wAlYds st =8 vdgA dAss ool
gk 3y daelEs A 1e]al 719 LIDAR 7]
W elE 3y dagEd Aes HluE Bz g
(Figure 2).
[ J
/ 7h|2t \ f LiDAR \
AE.“ 3“2 GIAI- }
[ ZoiE Zx| ]
YOLO AN ZAHE ]
[ Aumw
yaas Aesy |
(=) ey
v v
[ 25xH } [ HojE }
] ]
[ Bat } [ Tl }

Figure 2. Our Structure
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Figure 3. The Principle of Measuring Distance using LiDAR
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Figure 4. YOLO Object Detection Method[11]
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Figure 5. YOLOvV4 Structure[12]
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Figure 6. AP and FPS Comparison of YOLOv4Tiny Network
and Other Object Detection Networks using MS COCO
Dataset[11]
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Table 4. Performance Evaluation of LiDAR-based Obstacle 2 53A4 B9 AIZES B TK(Table 5).

Avoidance Algorithm

Table 5. Performance Comparison between

Test Simulation Accuracy Time
ne: 24155 | ' Camera-based and LiDAR-based Methods
Classification Camera LiDAR
Avg Acc 87.60% 87.20%
Test 1 87.00% 24.15s Avg Time 28.93s 24.15s
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Figure 12. Run Screen (LiDAR-based)
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