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[Abstract]

In this research we study artificial intelligence-based environment recognition for autonomous navigation of a small mobile
robot with limited hardware resources. Toward this goal, we designed a wheel-leg mobile robot that could transform its circular
wheel configuration into wheel-leg configuration for rugged terrain locomotion. Size of a wheel-leg can be increased up to 2.5
times larger when compared to circular wheel configuration applying gear-driven mechanisms. A web camera and less expensive
embedded board integrated with a GPU are used in the case. We used YOLOV3 as a deep learning model to recognize obstacles
in real time. Performance of learned model is verified using mAP and GIoU. Our proposed object recognition algorithm is

implemented in the real wheel-leg mobile robot and its performance is verified in unstructured environments.
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Fig. 1. Wheel-Leg Robot

. A|I2EIAQl ¢2|E
2-1 THIQ 22 A|AH]

Bl A AL ek 230] 221 uhF)3= Fig. 2
oF gtk 7lojq s E89 el iAVSS 1 A7]E §
7ol whet 243 Alefste] oS SHshed golgk 72
= A7k 2-d 1 v HdlE HES W HA: AE
£ 220mmo] L, $Hdd] vl s BHE ) Ho vhEle] AFS
500mmo]t}.

@
ag 2. 71Hd
Fig. 2. Transformable wheel-leg (a) Wheel-mode (b)
Leg-mode

(b)

g8 (a) g-2= (b) dla-2=

AFEAL device(Z=PHEE 3)E EETE AA 2R A|~ES
Fig. 33} Zo] 7%k =5 A9l Arduino$} 74| et=5-
B 92 o)A dlolHE AARE Jad Axt AFshr] ¢
JetsonNano”} A x| &0 r} 2 e 9] »~nfEET -2 A}
84} device™ Bluetooths &3l 253} tl|o|E] S-410] 753}
o} -8 v E M3 3H] 918 Servo B 9} Open CM Ao
71+ 23 vl o] ol 91x)8}aL, Arduino2bi= Xbees ©]-&
3fo] ol o 2 FAIG) 2htel RakE AA 2= el B4
o] -5 A g 25-ThAlx o Butd Zhte] w9zt



ro
O
Ral
or
mjo
2
00
o
k>
o
H
[a s
e
Hu
bt
mjo
d0
o
]
B
]
fot
oy
o
>
e
Bl

Baud rate Baud rate Wheel-leg transform system ~ Baud rate
9600 9600 115200
n HC-05 module Xbee module Servo motor
User's OpenCM9.04
device Bluetooth communication Xbee communication (32bit ARM Cortex-M3) DYNAMICXEL
L XM430-W350
Serial Serial
Ultrasonic communication communication
sensor Mobile robot control
DC motor
o DC Motor Driver T —
Arduino Mega (ATmega2560) (L298N) 12V Worm gear motor
Baud rate
9600
GPS module

UART GPS NEO-6M

Camera Nvidia JetsonNano (128-core Nvidia Maxwell GPU)
J8 3. 220 Zeid 2R AIAH ClojojaH
Fig. 3. System diagram for the wheel-leg mobile robot
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