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PHUWANAT PHUEAKTHONG : AN AUTONOMOUS NAVIGATION QUADROTOR IN
UNKNOWN ENVIRONMENT USING DEEP REINFORCEMENT LEARNING.
THESIS ADVISOR : JITTIMA  VARAGUL, Ph.D., 128 PP.

Keywords: Autonomous Copter/Deep Reinforcement Learning/Indoor Drone

This research aims to develop a small aerial vehicle capable of autonomous
navigation using deep reinforcement learning in an unknown environment. Since in
some missions, the unmanned aircraft must operate in unfamiliar or unmapped
environments, Deep reinforcement learning is suitable for tasks. The UAVs used for the
research is a quadcopter which has a maximum weight of 1,883 grams. It operated
within an indoor area with maximum dimensions of 7.96 meters wide, 12.07 meters
long, and 2.5 meters high. The UAVs is trained using deep reinforcement learning
models in a simulation program by using a Robot Operating System as framework. The
selected algorithm is Deep Deterministic Policy Gradient (DDPG). The primary sensor
used for agent perception is a 2D LiDAR. The training process took a total of 172 hours,
with 5,324 episodes and 1,794,206 steps. When tested in previously unseen simulated
environments, the agent was able to make decisions to find a path to the destination.
In real-world environments, the aircraft could determine its position within the building
by LiDAR and IMU sensor fusion using the RF20 algorithm and an Extended Kalman
Filter (EKF). The model demonstrated effectiveness in two different real-world
environments, successfully navigating and avoiding obstacles to reach the target. The
generated paths were closely to the path generated by A* Path Planner. The minimum
clearance between the rotor edges and obstacles in the actual environments for type

1 and type 2 scenarios were 0.13 meters and 0.19 meters.
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ANNLINRDUIIS

135 @uwosdmnsunsnsiaduisinvinaraninuinasuiiulans (LIDAR)
WUU 2 4R

135  vinmsduleelalddygruainszuuiiea (GPS)

137  wwnaduiugusnanduialiiu 12

1.3.8 dwwmtinvesanideuliaudulaiiy 2.5 Alansy
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1.4 Usglgvunaiadnaglasu
1.4.1  lednwnsldnsseuiuuueasumdaiadndmsudmiumsdsvgnaldlunisimme
142 lawuamsluniswawieiniaeiulsaududnludfdmsulssyndluay

psIvERULazATIAN sl U UANa ez Uy
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USNITAUITIUNTTULAZIMUIL NNV

2.1 N1S99NLUUDINIALIUE LUNA

2.1.1  UszanvaslaseanmaguUnmyu
Ussinmlassvasenmeeudnug goudsmudiuvasluiaiidnisindaag
UuargUuuumsiinns dwiidassluiinfidueanainaudnansosdifaaggnidondn “uuu
(Arm)” dmsuormasiudluiady susuulassadrmdnaggnuiadu 3 Ussan Ao
3UA18nd (X-configuration), gﬂm%wmamﬂ (Plus-configuration) kagg U9ty

(Ring-configuration) éﬁ’ﬂugﬂ'ﬁ' 2.1

X-configuration Plus-configuration Ring-configuration

JUN 2.1 UssunnvadlassenniAeulnvyuiluin

1ATI9INIALTULUUANDNGALIAAIIUAFDIFININNTLUULATDINLEUIN LAY
TNUTNTUBAAUA LN D RANADITINA NIV ULATIINIEUIN AUUTELNNINWAIULURY
Hganusiduaziiounnuawmesuagluiniisdmasiaugasvasgunsalniuaunsduls us

AANUAFDIRI N



2.1.2  AISAIUATUINVBILASIESI9E1A7

[
Y

nsimualassassaiveseInaeuUnuyuvaigluia (Multicopper) 1iu

LY

fauduiusivaunavesduinfazly wazduveduin lnsyuvesnisiadduindnazgn

wuslsmyin o Aunslusun 2.2

Y

(a) Y6-configuration hexacopter (b) Quadcopter (c) Hexacopter

JUN 2.2 nsudauesrnsanasluia (Quan, Xunhua, Wag Shuai, 2020)

WD Ty B VOULUATANN U INNGAVRILUNR d7u R Ao SATvasiyuves
1AS9ES 191N IALNUTNLNLEN FIMALURARIIWIUTINUA n, LUNA zlamudunus D

YUIALUNA VUIALVUDINIASIY haz1IulunaaIauni1seaalul

R = —max_ 2.1)

nnuduiusluannistnediu asviliausamuiauunveseInAeud
wanzauoenuils arevunafilsuiainaunistieiy avldszesd lidasuivlvaunsyug
91n1 (vortex) a1nluiausazluazlddemadafuauinliusedu (thrust) anasly &evinle
UsgAnsnmmnadiuemanamansgstu lnensivuaveuissedvasluingian aasoe

Tugewialuil loe r, Aeselivedluiniidentsd
Tmax = 1.051, ~ 1.27, (2.2)
213 msuszananimtinueseniAeuUnuyu

TuniseeniuuainAeulaazlselnn PEluTunaULINANDIWIWEIRINNNT

MUUARINABINTTLUNNTOBNLUUABNNTUTEN U MTNUB981NAI LTI A1S88NLUL



WNS12LA 8729 03AUNITAINUATUIN SEUUTUAU (propulsion system) U84
a1megu tngdmsuenmagulnuyuiudmdnidesiuveseiniAgiuaiunsanlaainnis
PINATINVDIUMUN AL UTLUUVDIEIUUTENBUNGN AB bUNA, UBLHDS LATIBNNIALIY,

(%
a o

LumAe3, ESC wazaunsalfvsfnauneinieny (payload) wiedsudupuduiiug fe

Waircraft = VVprop + Wmotor + Wbatt + WESC + Waf + Wpayload + Wother (2-3)

W Wairerape Aa UMHNSINYB9R N ALY
I ioj £% v
Worop Ao U ntinvadluiin
W, otor Ao UIMNNYeINeLs
Whate Ao UINUNYBILURLADS
Wese Ao 1 minved ESC (Electronic Speed Controller)
Wes Aa UwmilinvedlAsIeInNIeeIy
Whaytoad Ae UMmtnYesing Az
2 - o &
Woiher AD wnungunIueu 9

(Justin Winslow, 2017) ‘LiwLauaammsﬁm%"umiﬂismmﬂfmﬁfﬂsumqﬂﬂmi
warduUsEnaUsng 9 Yese1mAsualuinrwindn (Micro Aerial Vehicle: MAY) Tagldinns
iwiw%mﬂamaaﬁamﬂmmﬁmuﬁﬁmia%@;ﬁu wEanmenuduTussEwinsimtnues
dutsgnouwsardusuiuauaniRvetuduiy Insauvaniuasgminauslududalui

nsUszanaiminvesluinansamifanauduiudseninaiminves
luingaunu Sadlvedluin (r,) lunuiswuiiuns, Faunnanvedluia (number of blade :

N,) waz solidity vaslusia (8) Ineldaunmssteldil

W,

ropelier = 0.0195R205899=0.2038 )y 0.5344 (2.0)

A15UTEUNUUIMUNYRILUALMES d@11150UssUNbAaNANUFURUSSIUTU

dl 1 o b‘d‘ 1 U dl
ANNUBUNLADT (C) Tumtiy mAh waEI YRGB UNTUAUVDILUANBS (Noe)

Wbattery = 0.041860'9327N01é?l725 (2.5)



nsUsEIamneLetmesluusiay (Brushless motor) a@1sn5avile
Tneldpnudusiusuesimingniu anudinsiivesewes (kv) lunheseusewiidelnas,
ﬂizLLaqqqﬂﬁmamas‘w (1), AUeIveBnes (1;,) lundledadiung, ldusduaudnany
ABUDNVBINDLNBT (dp,) TUMUIBTATIUATHAL AT IGIFAVRINBLADT (Maximum rated

output power : P) Tneflnnuduiusauaunsaelud

Wmotor — 0.0109KU0'5122P_0'1902 (10g10 lBL)2.5582(10g10 dBL)12.8502 (26)
dloamugmvesamesmlaainaunis

lp, = 4.8910]0-1751p02476 (2.7)

wagldusuAUgNaNN1EUENYRIL LB TMLAINANNTS
dp, = 41.45Kp~01919p0.1935 (2.8)
Toyavesmainesanmnsamildandeyaiinioulnedingn lnonsidenuewmnes
JzaRnRdRIfUSnI @I mMTNYBI M AL TULaL SRS s Usat R don (Thrust to

weight ratio : T/W) 19 Tag (Marcin Biczyski, 2020) tauani1319¥eyanisidantyd T/W fu

Uszinnnisldauvesoniaewlnuyulissguin 2.3

Thrust-to-weight ratio Application

2 Slow flight (minimum)

3 Payload transport; photography
4 Surveillance

5+ Aerobatics; high-speed video
7+ Racing

JUT 2.3 Maidendnsauusetudetminiunisldanureteoinimeny (Biczyski, 2020)

L DNITIVDNTIEIULTITUADUINUNLA IAIUITOWLSITUN A BIN150819 MDY
hover (T, pover) WATLTITUT A 89N15ABUTUAIBANTIZ Wide Open Throttle (WOT) %39

1 6 Y v v 1 dﬁl
T, wor AOUBLABS 1 M1 leeaun1ssolull



Tr,hover = W;L:al (2.9)
T
TT‘,WOT = (W) X Tr,hover (210)

AsUsTUaUMENYed ESC anunsaussunadlaannanuduiussiudunssia

g9aANLaNIY ESC Ugsemax) WEMLAINEUNTATH
WESC = 080131259(,:7,721176136 (211)

N3UsTaEINENYedATIOINIAENY @1U150USENNUlANNAITNFUNUS
3AUTANVRILUNR o) TUNUIBLBUALINTUAZUIATDILUALADT Wigerery) WHUUIENTU Loy

Tpannaun1snadl

Wairframe F— 1-3119R1'2767W££?§1«7y (2.12)

duthminvesingiussyniuluannsamlfnndoyatmiinvesqunsalitls
INEHEN wio91nmste dieldimdniommauds szamnsadluussananimdnsuves
aneenldiiterhniseenuuusiely

214  Tuwudanuidesvaseniasudnusgu

Tuudaudes (Moment of inertia) Guaﬂmmﬁmuﬂﬂm;u Ucopter) 3¢
UBNAIAUARBIAILUNIIMLUST (rotation) SoUKNY pitch kag roll YasdipINAeIuLeY Lag
Tusudenudosvesenirerudamsuanansavinlianaudusiuues snuluia ),
UIAVBITLUUTUAY (M), T8EN1NTENINAAULAI (Center of gravity) YBIsEUUTUMAUAS
gaaudarmastasulunui (Vps) WATUUITEAU (X5) WAZTZEENNIENINAAUI ANV

9 Y

LURLADTINANAUI1VBINATY (Vpaer) I08ANUTTUSUARILAMBANNTHTL

]copter = nrmps(yzgs + xz%s) + mbattygatt (2.13)



dl = 1 L 1 d‘l
PIULNUNTWLLEPNTEYENIIAN € mgﬂmaiﬂu

JUN 2.4 uruilsszggnisdmsuanalumuiaiiey

Selusmdmudesiliten szdwaliinsuyusivesoimeguildinenda
Tusndmuidesdifianin
215  MIUszanaudaIn1siueseInifeny
nsUszanalainstudmiverniao L nuyuildlwindundsauesd
AudNRUsIA BIFUTUIAAINgUR kUL B kAT nd 1L Tasulin1sldsEninadu ans
Uszanaiainisiuasyagliaiuisaiivuaveulunnisiauveseiniagiula Tussuy
Juindouvete1niAeL (propulsion system) N1sgeyidendsuveuunmesausavile
NnraINvessgdsndanuluguiuusis 9 lnsunudanisdsriundsauvsuunimeiun

Insunansnslugun 2.5

Thrust
Propeller _—

UM 2.5 nszuiunsasiumdanuvesssuuiuintou
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o a

WIBaNANTUINTLUIUNNTAINIUNNSIVDITEUUTUAR DUIZ bR Aaangnaedntuastnlug

Y Y

WANINEAIALNTHB LU
Pi = Py + Pootor + P+ F; (2.14)

o Py Ae Mawmnanavesluin daunsamlaainainudidgueanesanisvauy T waz

AnusINIyuvetluin @ dsaunsseludl

Py=Mxw (2.15)

o A

dw By, Ao Mdangaydaluves brushless DC motor @laannanuduiusuotusiu

emf Jounduveewas Vi, waznssua back emf [, dsaunissialudl

P,=V, X1, (2.16)

o’JJ I~ o £ d‘ = [ v A . q=' ¥ v LY 3
ndu Py fis mdsiagdeliiuianlans e iron loss Famlaainainuduiusves
duUszdndves Steinmetz k , Anunuinuugsgavesidndaosauiundinan (peak

magnetic flux density) LarALil f ﬁqammiﬁialﬂﬁ
P,=kXxf XB? (2.17)

aoun Py A nsgayidemdslunetunsd@anliainannuduiusuesannudiuniuieasues

szuutuau R, waznszudluisas dsauniseeludl
P,=1>%XR,, (2.18)

Wadwiumaeiiianisagydelauds deldidanarsuinisuilaand ey (energy
consumption) et Mg uliauiy Ep oy Ssmldanamnuduiusvesiasiivinlduay

1A 1 3 = 1 Q@ a a v ' &
381 I@EJ@WQJMU’JEJLUU@J@ kAN UUIUN @Qﬁllﬂ?i@]@iﬂu
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Eprop = P X t (2.19)

drundanundnist vl Tunusnes a1u1501 18 31nauN1TANNFUN US VDI WS IF UVD

wunnes Ve wazanugueawunmed Cpgppvihoidu A
Ebatt = Vbatt X Cbatt X 3600 (220)
wazaunsacudnsINslindanuludesazlassaunisaelul

C =100 — (M) x 100 (2.21)

batt

HIaNIIUBATINITUSTAANS I ULAD ALAIU150AT9F0ULAIINEIUNTINeInans oty way

mnegnmsunatunisldnuveunnesausam lalaglindnnsaunavesndsanueiall

VbattXCbattX?’GOO

.3 (2.22)

Flight time =

Tngatlunistu (flight time) Mlaoanuiagiivieduwiung

2.2 gunsalnduauazdaasvesaIniAeuliaudy
221 UaARIUANNITUU

vesaauAuN1sdU (flisht controller board) \uuesadiinnseiindfiussy
s 6 o [ I (3 s al k4 U Y = o QU
wuwasuargUnsaldmsuldveniwisnldlunisauaneinasiuliauduenly Jedmsu
anAeulSauduruaan (Micro Aerial Vehicle : MAV) Tutlagiull aunsaldmsuaiunu
nsfuiflegnainane 1w vasa Pixhawk, CUAV, Flight one uaz Hobby wing Jusit us
s A ada 1 o/ av A s . & A 6 o
vainmugunsiundanuiaulauasdngnldlunuidede veta Pixhawk dadfaiesdu 4
TutlagUulaauien Holybro 9awiuuaiuasa Pixhawk fiddgdonisilanduuuulame
38 open-source Fudunflauiusgawnsuarslunisimuienireulipudy audnvue

Y99UBIA Pixhawkd wandsanns1eselud



12

M5 2.1 AENYYYRIUeIAAIUANNITUY Pixhawkd

WatannanyMe AMENEAY
Main FMU | STM32F765: 32 Bit Arm® Cortex®-M7, 216MHz, 2MB memory,
Processor 512KB RAM

IO Processor

STM32F100: 32 Bit Arm® Cortex®-M3, 2dMHz, 8KB SRAM

On-board - Accel/Gyro: ICM-20689

Sensors - Accel/Gyro: BMIO55
- Magnetometer: IST8310
- Barometer: MS5611

GPS u-blox Neo-M8N GPS/GLONASS receiver; integrated
magnetometer I1ST8310

Interfaces - 8-16 PWM outputs (8 from 10, 8 from FMU)

- 3 dedicated PWM/Capture inputs on FMU

- Dedicated R/C input for CPPM

- Dedicated R/C input for Spektrum / DSM and S.Bus with analog
/ PWM RSSI input

- 3 12C ports

- 4 SPI buses

- Up to 2 CANBuses for dual CAN with serial ESC

Analog inputs for voltage / current of 2 batteries

Power System

- Power module output: 4.9~5.5V
- USB Power Input: 4.75~5.25V
- Servo Rail Input: 0~36V

Weight

and Dimensions

- Weight: 15.8¢

- Dimensions: 44x84x12mm

Operating

temperature

-40 ~ 85°c

5Us19%09UBsA pixhawkd kaznesnluni1siieusevaauain pixhawkd gnuanisazui 2.6

ey 2.7



13

Ul 2.7 wesnnsidensiogunsaluesuasa Pixhawkd (PXaDocs, 2021)

ganviasdmsuueiamuaunistundnsilawmelaniiey 2 uimdnAelanves
Ardupilot wag PX4 lagaziauuanannuluseswoiniuagainlunsidnulazdu 9 wag
Wsuwaisassagldlusinsunivaunaiuenna 19y tag PX4 Wuagldlusunsy QGround

Control Jugevviwisdmsuaonfinieiu Jealldnwazaslugun 2.8

Y

U7l 2.8 fegnanthasveslusinu Q Ground Control
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2.2.2 Telemetry module
Telemetry module #38 Telemetry radio Lﬁuqﬂﬂsaﬂumidq%’auuaizwjfm
mmﬂmui%u%’uLLazamumUQMmﬂﬁu (ground control station) Lﬁaﬁ%ﬁamisﬂ'au‘,a
sevieIniagIudauduLazandauauaiai usznd1stuld F1e819904 telemetry
module Aig1usaldlafuuasa Pixhawkd Ao RFD900, HKPilo kag Holybro Telemetry

radio fdluguil 2.9 1Tugfu

D
QQ

U7 2.9 Holybro SIK telemetry radio (PXd, 2021)

2.23  SlamInglsrusazaunsaliudeyao

v

STuningUsau (RC remote) wazgunsalSudayeyias (radio receiver) 1du

gunsalddglgldanunsadumuauoinasuliaudukuy manual b Tnedinnseasdyayio
H1uARUINg Feeunsaliudyanavgnannegiveinieeulianudy wazaunsalsudyyiu

Y

38a1113038d sy 18d Pulse Width Modulation 38 PWM aanlulviugunsaising 9 uu

[
1% Lt o

a1masulaudula wardygiaiuazgnihlvidigunsalaiuauvesemiaeuliautusely

[
L5 v o

meag1avesunIalfudyaauuazdadyaaivg i uanslugui 2.10

JUN 2.10 gunsaldenasSudnaaingdady
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1

2.3 aunsalfuiteyavesaniAsuliaudu

2.3.1 Inertial Measurement Unit

Inertial Measurement Unit 5o IMU 1 wswgesilddmsunsiaduns
wndeulm lidesduluiueud Tude wiewsfudluormasuliaudu Tng IMU Aldlueinia
gulfauduegaosardosaunsansiadunisedeulmlu 6 ssndaseld Wefiagldlunng
Auravimsvese masuliaudundinisaiuay agly IMU A8 6 esmdase ag
Usenoudietguiges 2 ¥l Ao Lwuwesinai1u52189u (gyroscope) kaziguigasin
AmNusIBadu (accelerometer) Mog1sves IMU filHluuesamununsiu Pixhawk 4 A
BOSCH BMIS0 waw Invensense ICM-20689 nidnmsvhinuvesgunsniusazdududedeluil

WU TAAINLTY @IUITATAAINULTINIULUILAUA ¢ sonulalagld
qUﬂiaj‘ﬁlL%ﬂdﬂ Micro Electronics Mechanical System (MEMS) ﬁaijﬁﬂﬂuﬁﬂugﬂﬁ 2.11
Tne MEMS 9zUszneudae nalndidnlnsnfivdulduazindoudiliey dwiailansi 1o
wuwediAnnsiadeulm aldninsaduly MEMS aupdeulmidmdularesnainduuas
AemsidsuulamesdUszaliiuazannsodamnnssandygadiudianls was

HIONIIUANNLT LA UN LU URLNSAND A TLNLINISL AR D UV UL S Lo

Upper glass cover plate Pickup electrode

OO

NN —

Lower glass cover plate

5U# 2.11 MEMS (Bennett, et. al,, 2021)

lalsalay Wuwugesillitannuiidummesingdednmsuuiotu lngld
ndnnsvesusilasloda (Coriolis’s force) Gaussilagvinlinalndulufinistanazdreny
ﬁﬁmmqLLiﬁIﬂ%IaﬁammgiJﬁ 2.12 Failomnuquesdidninsaasuluaylddyanalih
ponuudasailuuasumanundndaslunsguld Tasaumsiilddunusdesle

dd Fo 3puiuina Ausy v uazenudndagu Qg Wudwelud


https://blog.dronetrest.com/pixhawk-4-announced/
https://www.researchgate.net/publication/337154714_A_Review_of_Accelerometer_Sensor_and_Gyroscope_Sensor_in_IMU_Sensors_on_Motion_Capture
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F, = 2mvQ, mmm) Vibration Direction
elocity

Coriclis Force

sU# 2.12 MEMS Auusala3leda (Bennett, et. al,, 2021)

detannuisndemunaranuisdldfozannsaiifeyadnanluUssanuannzveseinia
guiievmsauaulel
2.3.2 U150inaT
u15efiines (barometen) lulwuweifilidmiviannunneinia sly
g1nAeuliAudy N1InsIuANNNfeINIAIra1Nsat lUmANgwesenreule Tay
u1seNBineTazilian piezoelectric §9¥1ana1na1sAeia1in (semi-conductor) Ingaaa
funuazdsuluidlefiusadunnnszsi vivliisamnsaiannunneinaiiunnssyiiy

wugesla MegrivarueiinaunneINIA Wy BMP180 fslugun 2.13

U7l 2.13 w3 BMP180

2.3.3 \uesinauinuivan
wULEesInauINLLWMAan (magnetometer) Wugunsaldmiuinaiauidy
vesguuwlianfiotn lumAanaseldusyleovidu o Inendnnisues magnetometer %

wénns hall effect avannsauandlanslugui 2.14
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U 2.14 #énms hall effect

Tusesiiinisluavasnszualvliln aziinislwavesdszgdidnasowiniu el
auuwiwaniidanudy B widaru sxibiiaussun sz liiuaziianismiend
Uszglaihviianisidestuueenannduiindu gnisenda hall effect 9svinliusesiu

wWasuulasld wagshlimsuiswuinanuduvesauuusuvan (magnetic field) 1a

2.3.4 @wuwas Optical flow
Optical flow sensor Wuwuwesdmsuinsregnianisiai oufivesonie

gruliauduruinan wasdeouldlunuilusy (indoor) wuwes optical flow o fendnnIs

=

¢ . " cad a X g ° < ¢
v23U31nN158] optical flow Faluwmansainindudulszanlunisuesiiuresuysd 1wy

'
2 A

Wt esauaIue o 13 aingd UK 1UNTEAINITNUIN LilosaNANITIARouN Trgasiinig

9

d‘ ldl 1 e o d‘ 1 dl ‘ﬂl ! U -ql 1 d‘ 1 ¥
wasunuanieiull lneingieglnaazindounly dauingieylnaszifoulusgiedi q

sU# 2.15 fhegrausngnisal optical flow (Centeye, 2023)

dmsvemaguliauty Wedadindedtuyuuedluniuwdiiy nslnaves

[ [ a5 a (2 = = J (Y d' a
anaziludsgnasdundudesun 2.15 Fanisivavesninazuansdiaiuluniunisied oun
AUTUANASLANINANINITINATRINIMATIUTUN 2.16 FInNATUUUABABWELIYIT dIUAN

v A d' PN Y] v
91mmmamaumaauwlﬂmu%m


https://www.centeye.com/technology/optical-flow/
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gﬂﬁ 2.16 feeeusingnisad optical flow Tunmsidenasadeuiiiugumi Centeye, 2023)

d‘ ¥ o AQ’II U o ¥ U d‘ dl
doelduannisfisiununisussaiananinagyinliaiuisainnisindeuiives

Taala Fedrmsvanniagulsauduazaiuisalalunisnisienusvasondeulsaudule

q

M0g9UBLYULES optical flow wansgslugun 2.17

g‘tlﬁ 2.17 PX4Flow optical flow sensor (Centeye, 2023)

o/

2.3.5 1 9UDINIRTUINABLEILAEINTTEZNIN

[ ¥ v

LWUPOIATINIUTNAIULEILAE IATE 8N (Light Detection And Ranging)

9

1Y

3o LIDAR .iusuimedianisonsrasuinginszozrnanninglilaglduanaiwes ns
AMunaszezmwesingazldnmsdnmumnuiivesuadunisiuin ladlonsuaius
MsLAUNIYDILALATIANT Ll N8 soenluudazsioundusnfazaunsaduann
svozmafiuasiininAunslld Tutiagtuty LDAR SnsWaunlusnndsud LIDAR wuuds
9953 FalugUT 2.18 LIDAR wuumyuiianansansiaduingle 360 esmdsluguil 2.19 T

UDY LiIDAR wuu3 1
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5U7 2.19 LIDAR 360 93¢

23.6 NABYIAAIUANLUUEALADILD
napsinANLANLUUELABSLD (stereo depth camera) Wunassiausaasie
el' = & Y A a Y o =

UNUNALEN (depth map) vesn niliiueenuila wieaunsalsenlaininaudanvesniw
16 lnelloswiuadvosnmiiduszuu RGB ual ndesinanudnasiinisfimesifudnun
na1evlu RGBD A7981970407% RGBD wansnsluguauans Inadudredenin RGB diu
Y ‘:4' = Aoy < | | = | a A A o
AUTMENINUTIAIANYINNlnedwnsTun1TUsueni N mila Nl nadudiniesvied

A an o P~ P! v v o o
AuNlaS a9z uE NN lNA LN LR U

P if (% "'}-lm )

100 200 300 400 50 600 700 B0 900 1000 1100 1200 %280

gﬂﬁ 2.20 A987901N RGBD (IntelRealsense, 2019)
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NANNITVNNUVDINA D&M DT LOILLALULUUNTTUTAMUANVRIEEA LYY Lagaen1ves
uyedvzdisvezvinaantes lundesuuaneslonwuiu ndesazliaudaosaudnfinasineiu

dneeidusyeiiienii base line (d) fsguduanssialudl

@ 3D point

D\
]

left image right image
'gﬂﬁ 2.21 wallaawmesle (IntelRealsense, 2019)

image planes

camera L o g "z
s bl¢!
baseline — |b *
f
camera R &} -
Xx-b
X - ¥ P=(x)

JUN 2.22 mslgnann1saslnadifnunismanuanvesgunin

INNAFNNITVBIAS INUTALALAULNA BUAA Y L BNTIUNISIALNDSVDINA IR IR B b UT

X1, X, V1, Vi focal length (f) Fsazldunainnsandusvindesiasmszezninuan
oI lansnudNiusaIme Ul

(2.23)

X =x; X= (2.24)
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y =y X ? (2.25)

luanisvueud naesiarnudniinsirluussyndldiuunsvarslunisun
Malagnaunanasinunesalusia uazluemmuliauduiaunsotlussgnadldlunisi
e aluslAleiguiu faau AG Chabunichev (2020) thndesinaudnuvuaineileds
sengnamsuidugunsalinedavesmsiadeuiiveniusudsnlusi@ Aenasulifeduaon
9gFuUL uay Z. Sumin (2021) Thindesinnrmdnuuuameslesnldfurusudiindouiuay
VSLAM Tneldndosanaslednsumsussanalelaum3ainnim (visual odometry) Fawanas

naasulinuAaIAeAsULEIAN DY

= 1% a o v A = . .
2.4 NISLIYUILUULEINNALYIAN (Deep reinforcement learning)
N3 BUSUUULESUAAUT9En (deep reinforcement learning) tUumilsluuvusves
N338U3YeNAT (machine learning) Tudiuvesn1siiousuuulasuAaa (reinforcement
. Id a 1 a o v a o 13 i a ¥ Y .
learning) Tagidunsiseuiuuulaiumaanitiesdnuiannsiseusiuuiigasy (supervised
learning) FeAvlATIUI8UTTEMITBILTIAN (deep neural network) Ul lun1sUsziduad
99n1131nH ATy (function approximation) Tun159191uvIN15IT8US LUULASUANEY
weananilgelinisimatla stochastic gradient descent wag backpropagation u7lgaaely

NITUIUNTSHUSVRITRYA

2.4.1  duIRAMSISEUTIUULERNAALUDIAY

o w

amsseusuuuEsuidadunsseuinideuiuunsiseuiuuuaniinaaegn
(Trial and error) Yoy EEnI0dNIsi19 9 lneazuane199In supervised learning A599 L

=9

Fududesvinaann (label) Tfudeya M08 1uuIARYBINTSIS UL ULES UM LYY N19EN

aiv Wnelledingivasinliigiuiiugnuea Weatuidgnueals lnvszuauemnsly guun

q

a 14

wTguIIIndeIn1semsazdedluiugnuea winnatalivinniy gilne1avsaddnuaiy
semshdlivun givizseudimnldludugnueasslildvun iligiuianisiseudllu
a1 viselulgmnisdimsvewiugusd mndeenslivugudimaludadmunelalaglaou
anusavildlngliviusuiaoaiululufiemaing q Fedies Weduldstmedlnatulagl
g 2199z liAsuudugeda wimnnwulginAziuuiasiTiusuiansaseusisnisluds
Wmnelaglivuld Sellymiing q waidlumaGeuiiuuaiuidnegnluealidluegluy

suwuunszuIumsanaulanuuinsmen (Markov decision process)


https://d.docs.live.net/8509822b35c79496/Documents/Stereo%20Visual%20Odometry%20Pose%20Correction%20through%20Unsupervised
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nszurunsindulawuuunsaen (Markov Decision Processes : MDPs) 1{u
nsounuNAdamans dmsumsuidamilagldnisiSeusuuuasumasdymadulnglu
madsufuuuaudsdiuamnsthnadauuusaeddu MOPs 18 uenaini MDPs fagnld
witgynismerfvnzandign (Optimization) 8ndie wHufseSuren1saILuYes MDPs

namagalugud 2.23

State Reward Action

St Tt Qg

St+1

JUN 2.23 wuudraeinszuiumsdndulauuuiniae

AaanUAdAYURINIEUIUNITAndulaLuuLnsARN (Markov property) fig

q <

v
a a =

L | Q' ‘5( [ Q' d' o U 1 gj a 1
winnsainsedsiiindulusuianazdueg fudsivilulagduuindy wanisallussinaylsl
danatvournnnle laenssuiun1sindulanuunnsnenazlsenaunae @aunu (agent),
ANMNLINABY (environment), @nN17¢ (state), 51978 (reward) way N15ASE9N (action) Tag

AUNUNEUBY state, reward @y action dnamaludl

1) State 30 aniz Juidn (set) vasanneileghudauindon
2) Action %58 n3n58¥1 Wudn (set) ¥09n13n5297 agent @11NTALERS
ponulalunnag state

3) Reward 58 51978 |Wuilenduimuunnareen1snsyyinves agent Tuusay

angluaninuinasy

nsvvaunsdndulanvuinsmenazisudulag funuagdessunsiuaniied
ausgluaninuwinden 1wy luanimuindeunuy grid world f93Ufl 2.24 mndaunudl
\Whnedifeaduainge START TUas GOAL Taeflsiiduululu block @unuazdemsy
AN1ZALDINDU ﬁ]’lﬂﬁéuﬁlLLV]U‘«]%LL?WNﬂ'liﬂ’i%ﬁ’laaﬂu’]l,ﬁmaulﬂﬁ GOAL 1aglu grid world

il action Mvilavesdunufie NMaAUTY a9 18 931 Felu state 19m START 1u action 7
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sldasdifsniuauiniy Ssvansalusiold mnfunufiuasmainga START ielusie
Frnuaziinsdsuannznaiaduanieg B1 Tneanuthandulumsidsunnaniuiu
s Wesanglml 8) Memaannisnssi @ dudenin mudasdunisudsusiuanae
(transitional probability) unugae P(s'|s, a) wazanuirandulunsidsuniuainannie

wnlvanmglullaglifnainnisnsgiazunusig P(s'|s)

Agent action

up

1

left right
« Agent ‘

4

down

JUTN 2.24 g 9aAMKIAGONILUY grid world

dleangvasiunudsuly dunuayldsusnstaviounadvuann reward
function 1y mnsaunusAudlUluiui Block WHNYINAZUUL -1 AZLUY LANINAIUNY
annsaduseluldarldpzuun +1 azuuy umnhiiuil GOAL Tdasldnzuuy +2 Avuuy
Hudu 1me reward function @mnsawnulanie R(s,a, s”) fHunuaznmaiuain START
1 GOAL TlauiaidumsfinfignuisidumsivinlilassTasnniigaiues uazagldunu
(policy) 8AUN

TunsiSgus huuEsuAaT defidesnisldoanuide policy voesaunuly
AnNKIAAONAIS 9 LAy policy ‘ﬁ?u%Lﬂu?ﬁﬁmuquﬁﬂﬁmmﬁaLmuiuammnm'a”au
policy asidudsiivendawnuinluaniiesig 4 arsvhnisnseyhuuuldaglinadnsoann
ﬁﬁqm Iumauﬁluﬁuﬂ’liﬁaui policy %Qﬂdwﬁumdau fafu msnssiwesiaunuluneu
Busuazgnguan Tasussiamves policy gnutsesnidu 2 Usziam e deterministic policy
waz stochastic policy Feimnumunereseluil

1) Deterministic policy fie policy flagles (map) anmelidrfunisnsesi

31294 (particular action) dngAWNUAIY p
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2) Stochastic policy kan® 19310 deterministic policy 1ay stochastic
policy azlailesanzueadaunudfunisnssyifaniziatzadlaenss uiazlosdn1nziu
n1snszanemIuu1avidu (probability distribution) U89N15ATENILARSLUY srafu it
Aaunuazegluan1iziiy winisnsziensazuanasiusentuildniuniuyiasdy
stochastic policy dnaggnunueey © 1ag policy dmSuanmefinamils s, funisnszvid
nath a, daansadeuwnulasie (a;ls,)

nadenld policy Tuetfudsundounaziuny dslunsiouudas

58U (Episode) #7 policy ﬁ]%QﬂU%JUUEQ%uL%“E]EJ 9 aummzamﬁqm (optimal policy) Fvalsk

NaTINVRITI TR Imaagm?qijuqmaamiaz episode @uNIYIALAYNNITAINUATIUIUNTT

Wasuanie (step) ‘vi%‘aﬂ"mumLﬁlauimﬁlﬂumiﬁyuqm episode lag@n17y, N15NTEVNV0S

Frunuwazselafisunuldsuluwsas episode aunsagnisentadn 34 (trajectory) viouwny

#1871 trajectory fausiFusiu (t = 0) TUaudsnangavine (t = T) awnsndeuldeglugy
W (50, a0, Ty, S1, A1, 11, -+, S¢)

2.4.2 Return wag Discount factor
Return e nasmvess1e¥an wmaisaunuls sulundssounisAuia nie

episode lnaidpunnusedaenual G Fadowduaunislanmeluil

G(T) = ZZ:O Tt (2.26)
wazdmsuIUnianeuzidu continuous task T Aza1unsaLleu return 1o

TugUaunmssellil
G(1) = Lt=oTt (2.27)

[ < . . 5 [~ & a 1 v v 6w ~
wHTNLU continuous time HUaLuSaI8 N NaLldAINUFUNUSAIEUNISN

2.27 WO return ﬁﬁﬂ'ﬁﬁqmiu trajectory WAaLYA F9A99dn1sIAY discount factor (y) 191
TUluaunsmiy ievenAudIAysEineseialuouinn (future reward) Lags19iadunay

lullagtu (immediate reward) A1 discount factor agilA1ag 581319 0 f9 1 lngaunsves

return il discount factor aztdusaunseoluil

G(v) = XiZoy'm (2.28)
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dlonarBeiuly retun fazdsanas Tnswn discount factor fiadlng 0
10 A1 return fildainseTaluswianfazBianasetarmdunnaieein discount factor 7
danalng 1
2.4.3 Value function wag Q-function
Value function 58804 0158n731 state value function tuan return 9
Funuazldsudlosudunnanzdulaevham policy m annsadeuwnuldens V(s) lne

a1U130wana value function lagaguaunisseluil

V™(s) = [R(T)|sy = 5] (2.29)

9 return NazianldA1un value function 1 Tu policy Mu stochastic
policy liiaunsadwins return lalagnsansignisnsevinvesdiunuduagiun1snszanesi
99ANU198LTY fedu 11917 value function 91A stochastic policy aztdun1smaLen

(expected return) Fsanansasuans value function Wanaunissoluil
V™(s) = Ecz[R(DIso = s] = X R(t)m(a;|4) (2.30)

Value function aguananeiuliniu policy Mdenld Value function Aiu1n

Mignazgnisendn optimal value function gnuanIngaunNIsHalUl

V*(s) = maxV™(s) (2.31)

=3

wona1n value function ka1 8 NUT IWINTUN @A YT AIUITOUEN

v o ¢ (Y [ = va s v a4 . . =
ANUFUTUSYoIRILnuUiUNITSous ndniladdunAe state-action value function %30
13831 Q function 1me Q function Huagtduai return Aaglasudiofmunuisuduluaniig
s WATLANINIINTEYN a neanusalouunueig Q(s, a) wavarunsuandlalusuaunis

apolUll

Q™(s,a) = [R(7)|so = s,a9 = a] (2.32)
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Ad18AU value function Tu stochastic policy 4UN15AT218AUDIAM

o 1
(% =

Yrazidulunisnseyivesdunuiinass Q value Uy sty return Aleanlang Q function

HwaraunsadeulndlieglusUaunisdeluilla

Q™(s,a) = E.z[R(D)|sg = s,a, = a] (2.33)

[

Q-value W return unfgaasaleuLanENnIs ARl
Q*(s,a) = max Q™(s,a) (2.34)

14 value function wag Q function aggnildidumudsddgluninsoud
voslnamedazlananisinly
2.4.4 @UNTVDLUAALUL
dun15v89.Uaa Y (Bellman equation) Lduaunisaldunsnaralunns
a v a o o o ) 9 s A A . d' el'
Seuswuuasumasdmsunsun Jaymikuuansaen tieiagnn policy Aitnunzaufian

(optimal policy) gunisvesiuaanuuasnsauanslanaun1sralull

V(s) =R(s,a,s") +yV(s" (2.35)

F saunistraduarunsaldlad dvaninuindeud 1du deterministic
environment Wit ugivnnufy stochastic environment Nsns¥ a envlldsmaliiaunuy
Waguanzan s Wanme o'l deduayinnsiumenvesanuyiasduluniswdeu
annaz(transition probability) wagauutazdulunisuansnisnseyia (action probability)

il luaumsenessaunssoli
V™(s) = Yam(als) Xs P(s'|s,a) [R(s,a,s") + yVT™(s')] (2.36)

auN1sIeduaILNsalsendndaladu aunisiuaanuudeAIanisal (Bellman

expectation equation) U89 value function
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TudiuresaunIsiuaaLluuYed state-action function U1 EHAIULANAS
AUANASIUARLULYBY value function WiBadntoewintu lagaunSIUARLIUYDY state-

action value anunsawanslanssaluil

Q"(s,a) = X5 P(s'ls,a) [R(s,a,s") + ¥ Lam(a’|s)Q" (s, a)] (2.37)

Tun19m1 optimal policy WU 9z optimal value function wag optimal
state-action value function Ingn131nA1 return anfianvesuaazials Gyl

ALY UANNISHUARLUUAI NS UAWU SR auIdasbanasia bUl
VT(s) = Yam(als) X P(s'|s,a) [R(s,a,s") + yVT(s')] (2.38)
AUANNSUDIUARLUUYBY state-action value @runsadsulassaunismaaluil

Q™ (s,a) = Y5, P(s'|s,a) [R(s,a,s") + y Xam(a'|s")Q™(s',a")] (2.39)

P.Huy, L. Hung uag N. Luan (2018) dtausnisidnisiseusiuuiaiunias
F98n Tngldnnsmn state-action value vos01miFgulsauduluanizfidu discrete F4il
YUIA 5x5 RUIY mﬁwmiﬁauimiﬁmwLLawawﬁﬂ%ﬁﬁmmwiauﬁfﬂmw LiDAR Tagla
Ynauan1sld function approximation w84 Q value WunuNsMEIEIENsinens Wieflay
annalunsfnuazasnsatlulssgndldiuannsdduunelugtulsne

2.4.5 7A5n1svasuauiinisla

15 n15vesuuTiASla (Monte Carlo (MC) method) 1135 n15lunism
policy ﬁmmzauﬁfj@ (optimal policy) 35n15mila dwsuaninuandaudilinsiuwuusiass
39355UU (model-free) 33msiJumedadidnldluncanalunsuszananisaanisaives
AUUsdY (random variable) a1nnguditegne lngunfuavnildudsdu X wi Armanisal

(expected value) vadduwusdu (E (x)) awnsanilaainaunisnssialuil

E(x) = Xizq xip(xo) (2.40)
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wiivnlgIsn1sueuiia1ilargainisalseiaAin1an1Talla NNy

feg1edunn N & antumeeagesnuiseaunisaalull
1
ExpoolX] = S i X (2.41)

dwsulgminisiSeusuuuiasunasdu lun1sussana value function
Wefiagum optimal policy @mnsauszunalaainnisuiatiaaeues return Tunane episode

Mnaunsserelud
1 oN
V(s) = 5 Xiz1 Ri(s) (2.42)

dmsun1sUseuna state-action value azAa18AAIATUNI5MN value action

Tnganunsauseunalaanaunisaaseluil

total return(s,a

Q(s,a) = W() (2.43)
INNENN1sVeIITUeuTiA1slaTi dasruan state value 3o state-action
value TnensiedeAvasii episode iy Fuludeaseliin1siseuau episode noudeay

awnsam optimal policy 161 %ahjmmzamﬁ’wmﬁiﬁﬁqmé}uqm (non-episodic task)

2.4.6 3Fn1sAnusnedanga

FBmsanusadansn (Temporal Difference : TD method) 1udnuilaisi
Juagnslunsm policy fwungasdian (optimal policy) dmivanwuandouiilingu
WUUa89U0958UU (Mmodel-free) uatinsaiuianisueuiinisla fe lidesselinisAiui
U 1 episode fou fufuazannsahlvldlunuiiiinnusedos (continuous task) ¢ Tne
aUN3EmMIUNTUSTINMAT state value Huanunsanansladluaunsaolud e « fe

9n31M151383 (learning rate)

V(s)=V(s)+alr+yV(s) —V(s)) (2.44)
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INEUNITTIA Y WUV 7 + YV (') — V(s) aziid atSunianizfe
Temporal Difference Error (TD Error) 1AW 213847 state-action value tW 8%1 optimal

policy aglagun1sn1suseanuan state-action value lansaunisnaludl

Q(s,a) =Q(s,a) + a(r +yQ(s',a’) — Q(s,a)) (2.45)

Tun15m1 Optimal policy Tngld TD method 1 981519 INNTdNAT Q V09
NN state NAUIINTUILYIIN1TEWANUAazUTUUTS policy ag1amalilasautae policy 7
wnzauTign  Y9Isn1svesauiinslatayisnismunedansnduludane3iunaiadaluy

v = % a o v = % a o v a o ° v
nsuidymvesmsifeusuuuiasuigs Fedunisssuiiuuasuidatdednazgniluldenu
' Y = Y a = . = =
$AUNMITEUSTEN (Deep learning) Beazgnnanitiasialy
2.4.7  wWIAANISISEUSLTIEN
= Y a = . 3 = = 1Y) M o

N195138u318948n (Deep Learning) LUuLyumilavan1siguivounIoedng
(Machine Learning) @i eadasnunslgeulassingUssaiviiios (Neural Network) nns
a Y a = a a 6 ¥ a 1 1 )
SEUSIAENALULUUKNAAYRITYUUUSEAMYRINY BELAIgNITeNIT lassiguseaminiey
(Artificial Neural Network : ANN) Tnglumne@aineuds seuulszamvesuyudusenaumig

wanUsyamImuin nevidagauszam (neuron) tuilesausznaunslugun 2.25

Dendrite

\y\ o o
Ao O 2 C Q ) P K —e
e = Y, Lo
~17 K Axons A \‘u
>
h * % Synapse

Soma
U7l 2.25 Tassaraaduszanvuasangud (Phongchit, 2018)

wanUszamluaussvesuyvdiog Useninl 1 Laua1u9ag §93819u
Weawsenu laeaduninaveudenuazisendy “louudd (synapse)” a1ngun 2.25 waulasn
(dendrite) ag1dudrunsudyarandanluiiazeu lwun (soma) Aediunatswsusadussam

ey wanweu (axon) Fediufigdeteyasentuaniiveuluinseusiduniuleuuyd
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TulasargUseamifisuiy wUUINanIveItisoUNtIIetuausakandla
Aaluguin 2.26

JUN 2.26 wuudnaesihseuniamie

=i o |

lny x; Ao Teyalignudaun @ y fe Teyaligndseanty w; Aeuniin
(weight) uag b fia luied (bias) ArteyaitunazgniunpuiuidniiieuanAud gy
Yostayausagdlunainaang waziinisuinidlueadill lnevnfiansanangun 2.26

azlaanudunussaaunisaalul
zZ = (xwy + x,w, +x3w3) + b (2.46)
TulpsaneUsza ety azUsenausleiiseuatesinleadudulasdne

(network) fdlugui 2.27 Fadulpsenedszanniisnuuuiiugiu lae input layer {Wudunisu

SEWINTU input way output 1ng

&

Foyarinun aghifinsauadutuil hidden layer Wutuile

s o

hidden layer agvN1sUsELIaNARARIT RS ANNALNTUSNFU

Re e

AUVBY input ey output

Input layer Hidden layer Output layer

JUT 2.27 wuudnaedlassiguszanniieadewiy
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hidden layer anunsafiitudlituagfuaududeurestiom lnemndun
199 hidden layer finnndn 1 u Tassedszamitesiuazgnidonit Tassieuszamids
an (Deep Neural Network) @71 output layer HuarSureenunan hidden layer lagwin
Wudamnisswunuseian (classification) snnuihseulutudaswindudssaniidenis
Fruun wamndulamnisyii regression e Snnuihseursiliiiesiauiion vdn hidden
layer darpaniniu LielMiAnn1sdsuizluuresdoyafidudounasinrundondstu 39
sudugoaiuanuldfudadu (non-linearity) Wlushe Tneld activation function wndu
\p3esile

activation function aziivaneguuuy uisuuuuiidesldfuazuadu faidy
Fnuwea (sigmoid function), Menduunutauslaesluda (tanh function), Rectified Linear
Unit Function uazilsidusensiuwiing (softmax function) Ineguuuuaunisvesitafduusias
sUsuvRzLAnssoluT

Siemoid function

1

fO) =10= (2.47)
naunsieu anunsanaendunsmlinegusieludl
0.5
gﬂﬁ 2.28 Sigmoid function
Tanh function
_,-2x
fO) = (2.48)

1+e~2%
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naunsieu ansanasadunsimlanegusslull

'gﬂ‘ﬁl 2.29 Tanh function

Rectified Linear Unit Function (ReLU) function

0forx<o0

fx) = {x forx =0 (2.49)

naun1siesu asnsanaendunslanuseluil
f(x)

f(x)=x

f(x)=0

‘gﬂﬁ 2.30 ReLU function

Softmax function

fe) =5 (2.50)
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Inailaiduvaseniindindazliduanuiesiduvesevivmeosnun

n19i3eusIgineelaTsgUssamiienagld38n1s forward propagation
deludeyaluwsiag layer authlugn1sviiung output 970 input A1 Wein15¥0 forward
propagation 1y lianunsavenliitnanlieenuiainnisiuedugnaeamsell Inefmvun

cost function (J) Fuandsaunsaelud
1 ~
J=-Ei i — )? (2.51)

&3 cost function AifmuaTuil WWun1smanuaaInedeusEnindoyaas

(y;) waztayaiilaainnisiuie () Wwelgnismanuaainaiisuwuuaiade igiass

(mean squared error) ¥311nAIAAIALAADY (loss) AINNITRNLURATITDY LanIIluLAall
o ° = YA = o ~ ° . A o

AUty lunsving Tnglun1siseusidedntuazinisyin backpropagation Wa¥iINT3

Usudminueslunalulsag layer Tinungeau Wenaziinlia1ain loss function dA1tie

'
=

ngn lnelduannisves gradient descent lun1susuemin Feaunisdmsun1sdman

Wmnvesnatuansouanilansaunsieluil e @ Aednsinsiieus (leaming rate)

9
W=Ww-a-— (2.52)

ow
N15LA0NENTINITS B3 NindvanvselilunatwSeus Aaevinly loss
function fiAtagadlalinntukazgitilunan ulalunannuduiussendng input uag

output aandn

2.4.8 lasednguszanuuunsuligniu
TassgneUszamuuunauligdu (Convolution Neural Network: CNN) 18y

FaNoSNUNT 99 19 A UNT19919EMST U UATUNITUDIIT UV DIADUNILADS e CNN 9

' [
a o w oA v

Usenaunietunisussaianaaudundfgy Ao Yumsuligdu (convolutional layer), Hu

o

wﬂa?ﬁ (pooling layer) LLazsz'?uLé?famiaaugiai (fully connected layer) é’fﬂugﬂﬁ 2.31
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— CAR
— TRUCK
= VAN

ITT]

T — BICYCLE

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN CONNECTED SOFTMAX
HIDDEN LAYERS CLASSIFICATION

g‘d‘ﬁ 2.31 $n@819 Convolutional Neural Network (Phongchit, 2018)

(%
o

Fupauliandu wu WWutunvivtnMdusg1ausnuas CNN Iagazvinutniuenilaas (feature)

[

néAyeenunngunm Tngnisaeuligiuiusunindieiinses (filter / kerel) agvinlit

Y
o
o [ 1

A ) a = A o ] ° &
ﬂ']WV]N’]Uﬂqﬁfé]QUI’JQV]%U"ﬂgLwaaiqﬂagLE)EJWV]?{"IWEUL‘V]’]UUﬂ@uw%guqlﬂﬂigﬂﬁamalumum@11.]

o

n1sdenlddinsesiuauisalddinsasnanedale lnedanilaeenuiazgnifenii feature

maps #491UIUVB4 feature maps AwAUTILIUTBINTBN LG lun1svIARulIgndy Tu

MOUSNAUTIUAINTRRENFUTLINBY uaWIMTUTUlINzauInTurIuNIsSous uag

q

backpropagation

NAdY AD TUNITAINTUANIUIALAVDININAFIINNNIUNITVIIADULIANTUL A A8
- g U

ﬁee

A8n1sviyad ey dvatguuu LU max pooling, mean pooling kag sum pooling lag
LY 1 . (% i | [~ PRy [
A79819789 max pooling uansisluzuauans lngidunisldfinsasuuin 2x2 fu feature
v o v o a o . o P ' o A a £ Y
maps AEEIRUTUNITEUAINTEA (stride) U 2 uammA1ggaludinsesiiindu auld

feature maps MilvuInanaswsluzUAUYID

max pool with 2x2

21 4
7 | 8 window and stride 2 6 | 8
110
314

111
5|6
3|2
112

’gﬂﬁ 2.32 Max pooling (Phongchit, 2018)
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JuWausieauysal Ae Funvimihnlunisduunyszian(classification) vaanmignundnun
WauaniInIntuAeeyls feature maps NlAuNn FupsulIgNTuLAzTUNaFIzgnUuUad
Junnmes (vector) wazdudlululassineuszamidisuly fully connected layer uda9i

AsIuUnn sl

2.4.9 Deep Q Network

Deep Q Network Liu38nsnilsvesnisiouduvuiaiuidadadin (deep
reinforcement learning) 91N®ANN15LY state-action value (Q) T ousn optimal policy
ponIasNFeuduuniEBuidy andiuimadiun Q value lnsassiuassioaduinan
$1uU state Ve usivn state Sdaufiwezann 3n1sFun state-action value WUU
Tdunzdeddnsneinsnisdurnumena faty Sainsanau Heidunisussuiann
(function approximator) 5uu15ww§’uawﬂwmwﬁ state-action value laglaglasetney
Uszamiisnlaednisiinesueslaseuieuszainiisude 0 Lay state-action value ﬁgﬂ
Uszanaumelassnguszanmineuazgnunumiediuds Qq(s, a)

Tun1sfinluaadmsu DON W Feyafisndulunistdoudilude replay
buffer audu buffer ‘1‘7{%Lﬁ’uﬂizaumiaisumﬁ’;LmuLﬁaﬁmimzﬁwLﬁmﬁuuazﬁmiw?{au
NuInansasullanedaly %Q%'agaﬁuawmmgﬂLﬁul’?léﬂugﬂL.L‘U'Usum (s,a,1,s")
Tng replay buffer azgnunusesauys D Tunsduinnuaainndouveanisiioudasld

loss function @wSu DQN azunuse L(8) Fwmnldanaunisselud
L(8) = Q*(s,a) — Qg(s,a) (2.53)
Tae Q*(s, @) e optimal policy vessaunu Tnsanunsamildanaunmsvesuaduuseluil
Q' (s,a)=r+y max Q*(s',a") (2.54)

[y

Wawnuarauni1sadtulu loss function aglaannisuad loss function Juunlunsiaad

LO)=r+y max Q(s',a") — Qqy(s,a) (2.55)
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A9 Q(s’, a’) ansaussanalalaglalassineussamiisuguneiiulslaaunisaeludl
L(®) =r+ymaxQy(s’,a’) — Qg(s,a) (2.56)
a’

mnaeu loss function 19U mean squared error aglel loss function #1g

aun1seelull lne K Aednuiudeyaimhunldlunistinluwea

L(®) = %Zf{zl(r +y max Qo (s’,a’) — Qq(s, a))2 (2.57)

WinMIsUsTINaTT Qg (s', @) war Qg (s, a) Memsiiwes 6 weafuh
Tinsgiddududessin Sedesdinisusndiuin stat-action value aaos fiazdalas
Qo(s',a') azgnuszanasnelassieUszamifioniigniionin target network dlassdng
Usgamiieud 1 lun1suszuna Qq(s, a) 92 NLT8n31 main network wazidiain loss
function lUATUIMA2E backpropagation Way gradient descent aglamnudunusiunig

Snan 0 seauniseieluil
0 =6 —avVyL(6) (2.58)

lunmsussenaldau DON Auemasuliaudy aansavilalagasisany
$raeslulusunsy simulator evhmstinlumaneundvinisdssinu (transfer) maFously
Tigunsaiade Ba C. Efe wazaniy (2020) 19 DON $aufunmsthmswesenaguliauduuay
MN5lURaaN1IzMBNINAINARRYINANAN (dept camera) LAZAUNUITUANS (relative
position) vaeInIABIUlTAUTU kA lUBuAUIEN19UIMINAIE potential field @01y
$raesgnadistululusunsu AirSim simulator Tnefian1ay 10 wuu wianiluldluennaey
339 NANIINAFRUNUIIINIAEIUEINNTIIMIIRedlalaglYd DON wagldiiailndidesriu
780135 potential field wona e C. Yun uazaz (2020) nnaasldn19ms193uing
(object detection) a1nndasluluaans (monocular) 11938 DON TunisauaveIniaeuls
Auty wuiTistitelunistestuntssuldfniinisléifisansBeudiuuaiuidaay DON

Y. Pengyu (2019) l¥nsiseusidedniuy DON ﬁauﬁuﬁuauﬁm?{auﬁiums
yhmsmanuudalu@ Tnesunw RGB 9nndesunidudoyaid iy DON denisiinis

41115019 LAdaliANNAAALARDUYIFILNUINLEDY @ T. Minh (2020) Wausdnisnis
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o v A

wilslunmsiuAannzvesiunuiievhinuiusaneiumsSeudidtuiandsn Taeldndoes
monocular w&udasnndiduliidy dept image AENNTLTEUS TGN Faluwadildviung
Aoluna UNet 1nadl Resnet-18 tuteulawnes uayld pretrained model a1 KITTI dataset
Faansneaeulinafilndifestuiunisld LDAR Tunstwne wiiidededededdnsnennsly

M3fMwIMNNIY Inzdeddmsseuiidadnlunsiuenmidiundy dept image e

2.4.10 Double Deep Q Network
Double Deep Q Network (DDQN) Judanes fiudi wauiu1a1n DON Tag
Foan1suddayminisuseanmadiuniiuly (overestimation) vasan Q suiilaunain
A95Unu (noise) Tunsussanana F90199ilin1sidennisnsyiaesiunuiianainly

“ANN15Y8e DDQN Aan15UTuUsa target value () Tnaneduaumsiweluil
y=1+yQy (s’ argmax Qq(s’, a")) (2.59)
a’

Tas Q function luaunisfiazgnuszarmdag main network 6 fauantuazdinisidon
action 89nu1 L7 oA UIAA N Q value 9110 target network 6’ 8nasq 5 19zl
overestimation \inlatiosad

C. Ender wazauy (2019) dauani1suszynely DDON fuainidg1uls
audu 4 lua iethmasaznaundnasinunefifinsndoudl dufeenasudluiingn 2
fdseziedouiiuuudy lunslusaannzvesiumuazldnmainndesinanudn uavaniiy
LBIEINAN3VO98INIABIY LY AIIULED N15TU S3EzMndaganune Tagld Joint Neural
Network NN) Tumaideusetoyauidisass nouftaziiluidh DDON 9nmsvageuny’
Tuthsusnesnsizeud enimetugidouiasiimsvuiuomasuiduglasse uidleduu

souraIMIBLSINNAuAaIsavauvEna mMAB U fisav el
2.4.11 Dueling Deep Q Network
Dueling deep Q network (D-DON) 1 usanasfiund afidnswauiuiain
DON Tpefinsnfivwesiiddaiindunienin advantage value (A(s, @) Tneiinanaasi

99 state-action value wag state value function IngwanIaNUduRUSlansaun1saalUll
A(s,a) = Q(s,a) = V(s) (2.60)

FulledngUaunisivaiiitenn state-action value 2l
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Q(s,a) = A(s,a) + V(s) (2.61)

#1150 advantage value Wu aziduA1Avsdinnsnsesilaluaniignfmunu
aguuliiinaron1siudsuanizvesiuny lnan1snseyini lulinadenisideuan1izves

AILNUTUILANNNT9NKENEBNIINNNTAINLA [eanvwInnsAuInsedldla

Value Stream

V(s)

1 . Fully connected
I A o = o layer
Advantage stream
A(s,a)
O Als,a2)
Game Screen Convolutional Layers O‘ Als,as)
O Als,an)

Fully connected
layer

;J‘U‘I?i 2.33 Architecture 489 Dueling DON

9n3UTt 2.33 iuanilnenssuves dueling DON Tagagiimsutanendoyai
dhundu 2 Hleidu Tnedl value stream function wae advantage stream function ¥iwiidi
Tun1sUsganm state value Wag advantage value mua1au lagldn1suszununislaseuieg
Usvamiiton wemitefuiuieaewihouaiody ﬂ'ﬁﬁlﬁ%gﬂﬁﬂmmmﬁué’w aggregate
layer fiovin15Usea0 state-action value #igly LLﬁLﬁaaﬂﬁmwﬂﬂﬁiizqﬁmu (problem
of identifiability) § 9/ @319 advantage value ¥4 action 7 +4 anleud uAue Ay

advantage value 7laluauiuAladeves advantage value yanunnsaun1snaluil

Q(s,a) =V(s) + (A(s,a) — %ZQ,A(S, a’)) (2.62)

108 A AD VUINUBY action space Nd@mTanTeile LilpAUIM state-action value lAuaD

I ° = . aY val Y
fAanunsainluiden action Nleigaasnuile

S. Sang (2019) lﬁjaawizqﬂm% dueling deep Q network lLag double

deep Q network y91usuA Y natetdu double dueling deep Q network Lﬁaﬂizqﬂﬁw
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funsimsvesemasuliaudu Tnefinsiedeunuuvandia Tuanmwnaeudiduiild
wazsidunaeingene 4 wazlinsivisunanisdudumsldindunenudeimaluszauna 9
AE5¥UU Hardware In The Loop (HITL) AUSana3fiuvisaIuuuy Han1snagaunyuil DDQN

Talanunsavilinistiimiednsale we D-DON waz D-DDON a@nunsavinls we D-DDON Tvinad

~ v

N widala reward Wogniinisldinduseaulinnudierviygedu uwiguzdndundaiy

q

[y

=
LIV IEAUUIUNAS

o

2.4.12 Policy Gradient Method
IMBNIAURTNT 1518115091 optimal policy 19a1nn1suT state-action
=) U d“ aa v 1 a 1 1Y o ad v
value #1359 Q VBINILNU FIITNITANNAIIUNIT value based method LHVBINNAVDIITAN
nanfeaiunsaldlanu discrete action space wigawindy walulanAaanauduasaiu Jaym
1 [~ 1 P . 1 < < % 1% gj
drulvgldulaymuuusiaiiies (continuous task) W N1sMIVANANNLTIVEITATUAY Aty
780138 policy gradient FagnimuiUulasaiu1sani optimal policy lalaenssuay
ansaldladuisdgumuuulireliowasUgminuusetilios A9 laeenuiainis policy
gradient a¥eanuLlunIuLnaziduves action unazAINAIuNUaINITaNTEY LA luanTY
& ] aa Aa av v I3 . °
U WUANA19AINIDNTS value-based Ndshlnvenu1azily stat-action value 98301505871
Tunmazanne laglupewsuusnanutiasiduvesnisnseyusamagdsliniugn uadied
maeudegsialiior mudazilurzgnusuiiudwlonisnsgyintiuly return ATANINTY
dunistunsonanavedlasieussanyidion 8 1neds gradient descent a@ansadeulang

aunssiolui
v 1¢N T—1
6=06+ ;Zi=1[2t=o Vg logmg(a;|s)R(7)] (2.63)

e log g (a;|sy) AD aan1sTuveInuUtaziduveInsnsedi a luany
S 841987 t WAy R(T) Ao return 7ildu19n trajectory YBINTTLTIUS bULsiay episode R
35715 policy gradient Hilfei3und1 REINFORCE usn1sld3sddurnnsiiion Vo) (8) vxi
AruUsUTIU (variances) gdlumssmianusazeds Ssagvilinaniideddlunaioudaug

whdulianAunuuIn

2.4.13 Actor Critic
Actor Critic LtJu38n15%1 optimal policy lngs1ute199A v0935 N 15UUU
value based waz35§n15uUU policy based LU1m 28U 75015 Actor Critic Usznaun e

1A59918USEa A EY 2 #2 AB actor network way critic network LaguNM v actor
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network Aan1311 optimal policy wag critic network agviutfiuseidiu policy Mlaunan

actor waztdunumalii actor vn1susuuss actor Tils optimal policy eanwn

Policy

Critic

Feedback
gﬂﬁ 2.34 Actor — Critic

Actor network 2g¥1n15%1 optimal policy 28735115 policy gradient d@au
critic network 14350159 state value (V(s)) Tun15Usziiiu policy #ildeenun Taeignns
84 critic network ax9aranALRUsUTILTIART LN MISManals nMssmannsfines
voslassineUsyaifisuazilunn 4 1uwes episode Fsazinundnoadeiuiznsuasis
§9A517 (temporal difference) & 192193817 afulunisiUd sundasiesf unisAuaa

ALY (cost function) VB935S REINFORCE aulamaaunisealudl

Vo] (0) = Vglogmg(asls)(r + Vo (s"e)— Vy(se)) (2.64)

119 Vy(sy) Ao state value Nu191nn15vungluan1igiiiian t uay
Wuignfiuiunisiseuslagld D-DON tu actor critic ansnsaldeiusiuiu advantage value
¢ Fedanaifiudinanazgnisenit Advanced Actor Critic (A2C) Feagladn policy gradient

299 A2C zansanandlanaaini1saelui

Vo] (8) = Vglogmy(asls:)A(s, a) (2.65)

wenNe1NIaN1s A2C ud7 8n33nnsAidinsWaununan actor critic wasidud
Heudusgraunn@eisnis Asynchronous Advantage Actor-Critic %38 A3C lagluIAnvDs
A3C fip NMIasdILNUaIEsa (multiple agent) ﬁawmsm‘%auilﬂw%am fusuudvuula
Tngazyinisuendunueeniduransddondt faunurinau (worker agent) wagifaunud

° v A v a Y Y] v =t
nthsuriueudisendtdununand (global agent) Asandnenssuluguamuansd
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—
=
—
Worker 1
—
=
—
’ G Worker 2
%qué')
Global Network ""o%’ o— -
(Global Agent) - -
—

Worker n

5UT 2.35 aandlnenssuves A3C

Loss function w83 A3C ausardeulansil lngaziinisiiunisimesvesoulnst (entropy)

Wluee
](6) = logmg (at, St) (T + )/Vd,(SD Y V¢(st)) + BH(7m(s)) (2.66)

dlo B fie wsilmesdmsuauautisdAgveoulnsy diu H(m) Aonay
vauoulnsUlu policy MinTy Feaztaueniianisgy (randomness) v8INTFou3 Mnou
Instunn uanaindunufinsgunsnsgyimansiuunaziinisi3oudinarnmaieannniinsdl
foulnsUies mﬂgﬂﬁ 2.35 \ile worker agent ¥msFuaa eradient MAnTuSEUSaELE
ﬂ'm"yquﬂa'ﬂlu 7 global agent 1n® cradient 989 worker agent W@ @A 219949
asynchronous 9Nt global agent 3gvnsdnansilinesuadsluli worker agent
Lﬁaﬁﬂmit,%ug”aulﬂa]ulﬁ optimal policy 8anun e N. Ezebuugo (2020) léiauenis
naaeUNsUsTEnAlng A3C Samfurusudindeuiiouiiu DON Usngi retumn avasazls
wnniuadldnatlunsiinlumadidesnindhediedieuluan ezt

6

X. Jiagi wazAny (2019) 1dane3iiy soft actor critic lUUszendiy mobile
robot @19 UNISVINITUINIE AL UL A A 38 LIDAR LaglUSautneunuion iy Ao
simultaneous localization and mapping (SLAM) #uan1sasaidunisdmsunisiaunigle

TnawPeanu Lwimﬂ%ﬂm%‘auiuwLa%uﬁwé’ﬂlajai’wL‘i‘]uéfma%’mmuﬁﬁdau
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2.4.14 Deep Deterministic Policy Gradient

Deep Deterministic Policy Gradient (DDPG) i uganasfiufiwmuiuiain
33115 actor-critic 333 actor dwsum optimal policy wa critic A nsulinatlounduiiie
UsgiilunagU$uuss policy iU actor wili DDPG azumnsinaan A2C way A3C lngfisn
critic network 711444 DDPG a¢14 Deep Q Network lunnsuszidiu policy uenannil 91n3a
i policy gradient Tlun1511 optimal policy sinagld policy wuv stochastic Ae n15Ld8N
nensEvesiuIrg nuUInuANUIas Sy Ui DDPG uazld deterministic policy
wiu Tumseuans loss function T aumsmsAaesiauadendsiuludiues critic
network F3dun1sA 2.67 waluauiin1snseviudu continuous action space il
d113am7 state-action value vosnsnszvimduldldonunldld Sedesinmenves o
gontnansld tarcet network Tu actor network siinnsnines ¢’ @ network w3 a’ fie

pg (s Bsaphlialsl loss function Tnsiuandlddsaunsdeluil

1) = 25 (4 vQpr (Sbtg(s')) —~ Qo(s10)) @267)

F9lun159LWANAIV0S target critic network Uuaiin1sANaRNNISIHABS @ VDI main

critic network 11 #99z leaun1INISaNLANAIR LU
' =0t+(1—-1)6 (2.68)
Tne T fio A1 soft replacement uazdingnriwualidu 0.001

N&IINNENDY critic network luuan sioluazidunisnaniiis actor network
F9in510 deterministic policy ulun1511 optimal policy kagannnnsteasnisivinla
Y & o aaa S o i a | ° =
Aaunuagiaennsnsyynananluanneduiesegufeliasmnisnseyinlug dusen
W9N1304191 exploration — exploitation dilemma @1115U38M15 DDPG Wy N153nN13iu
n3nseyiilu continuous action space #a8 deterministic policy 3nJufiagAaiinnis

A . . £4 = & a '

5UNIU %38 noise IV 1w1lUly action space A18@ansEUIUNITLYALTENTY NTBUIUATT

Ornstein- Uhlenbeck @azyilulaannisainuduiusyes action sonundusasaluil

a=uy(s)+N (2.69)



43

W 957317 UNaNN15UDY DON Wwag actor critic nounnazlaaunis loss function 984

DDPG 08ny#dunsd 2.70
J(6) = %Zi(J’i — Qo (sy, ai))z (2.70)
Vi =11+ vQo ("1, g (")) (2.71)
wazaun1slunssman actor network agldeenunluaunisiioluil
' =19+ (1—-1)¢ (2.72)

R. Bartomeu UazAgie (2020) Uszendlyd DDPG dwmsunisiumiandunia
(path following) saAufIAIUANKULTlEAtAEULEWANNT5S noise Tiud lulun1sHn

lunadaaunisi (2.73)

Ny = Ng—q + 0, (U, — Np—1) AL + 0, dW; (2.73)

Wil ny, ABAIUBY Noise NTOUNITATUIA Kk d1u 6, Aow1ilmeasiiAeITes
[ I3 4 = B A ' . | o |
R3I3VDI mean conversion W, A drift term NdINa#ND asymptotic mean A1 At ADAY
U84 timestep kay dW; ADAININTFIUNTZUIUNTIBIUDT YaI91NYIINTSITEUSUAENAdEY
nstuaudunslulysunsusiassnstu Ysingan DOPG Winalnaifesiuidunisiiriinue

Alunauwsn

G. Ricardo wagauy (2020) 11 DDPG luiUSauiiaunuisniseenyi actor
aritic Tunsihmsvesennimeudlusialnglddoyaain LIDAR lumsmsiaduing wazvinis
\W3suLileuiu traditional control method U4 DDPG TauaaInad ouvesdumig
1NN soft actor critic walalaunsavil@ania traditional control aluaneiilas udiile
fi3sAnu1196 traditional control lala@unsayineuld szsudsinuaeuws DDPG way soft

actor critic @1150v9ule WnedluszansSainmuansu
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2.5 szuulfuAnIiueud (Robot Operating System : ROS)
seuUUUANIsviueus (Robot Operating System: ROS) seuuUUANTY ugud
(Robot Operating System : ROS) 18u framework ?TTVI%J‘Uﬂﬂiﬁ@ﬂ’]ﬁﬂﬂuﬁﬁﬂssﬁ’miﬁﬂ’ﬁ
fimuiusuiidaududouiianuazninuindetu findesdiofivaslunisiinsgideyaills
nsfusudlilduining uenaind ROS Saanunsnthluld A ewmuny usudifiauaain
1NLNY LU v{ususTiaiunsadimiadatesld (Self-Navigation robot) Taeldinada SLAM
(Simultaneous Localization and Mapping) Iumia%"mLLmuﬁLLazizqﬁWLmu'aLﬁamiﬁfmw
vidooraamilumuauuuna viwusuditnsldnuimiutyanuseivgeg q Al
Tutlaqiiu ROS fimswamnin 2 1esdu e ROS1 wag ROS2 lay ROS2 iueddu
Tmiangaiidinsiantuin Tnswdsuaninenssuain Rost WannghlUldludondes
§u1ndu ROS2 #1514 Data Distributed Service (DDS) 1 usiananslunisdeansdoya
(middleware) 5qaﬁuauuﬁsuuﬂﬁﬁﬁﬂ15nmﬁq (Real Time Operating System : RTOS)
n13e9¥ayares ROS2 ﬁiuLmamiﬁ'amﬂugmwwaaiz‘uu publish — subscribe Tun1s

doansveyaiu lnslasaasiatun1svineuues ROS2 uansddluzui 2.36

Linux

Client Library Wind
INAoOwWs

Abstract DDS layer

OS Layer

Mac

Middleware Layer

DDS | | Intra-process API

Application Layer

RTOS

sUil 236 Fuvesaniiinenssuves ROS2 Tng DDS

ndnmsvieudesiures ROS1 annsuanslddslugudl 2.37 Tag ROS autamiiag
msvhauvestusunsueenidu Node 33 1 Tnunagduniihfiunnsinsiu udanansodstoyam
fuldinu message uay topic uenaniidiad service fu action ile¥res LA EEAIN
¢ Taelu ROS1 U 22l ROS Master Aasiduanamgilouvasivuasing 4 tiodugiu wily
ROS 2 Hu nl4 DDS vilHlnuausaslnunansadumiuldiaesiuilaglidesd ROS

Master dnmalu
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ROS
MASTER
<.,
. Registration Registration

Pub/Sub

Pub/Sub
Service

Service

Messages Messages

-

JUT 2.37 msuumithgnisvianudesuves ROST

ROS2 vl N1 s RIUNY HE UA T 6 99917 8A13YULUULIARS e La deuazdl
Useansnmann@u Tag M. Yuya (2019) lavinnsnaaeuasssausves ROS2 wagnuinn1siy
ROS2 Huaunsansudialunisdsdeyadsgananelaagneinarusnisgymetestayad

Wogun 9 WawIsuiguiunisdadeyanis ROST uilunsdedayandvuinlvgiin 256

U
< v

Alaluflunisdsdoyandentaiy avldiaanuinnit Ros1 Wisadntioslundniadiund
uana il ROS2 dufiuanudndedelvitunisviususidedesnindssuuanuvaonsde
NAULAS DY BkaENTEITRL AR WYY C. Hang (2020) 11 ROS2 TdUszendldlunsyin
autonomous driving car fiilaliesnmuestoyafiguarldlumsmuguuuunaisilioie

= o

il latency s Feluinerdnwusatuiinaziinsi ROS2 uUszendmeituiu

. . 4

2.6 F3UUTIABINTTUU (Flight simulator) A8 Gazebo
Gazebo Julusunsy 3D Dynamic simulator fedmiuanunsalunisinassiand
I3 I | ¢ aa o v & 1 &
Anuululasng 9 ves vuewd ilanududeu vean nwinseylulazueaneIn1s wonani
geanunsarinuanduvesaugesang q wWalulame ieviin1sdnasnisyinuemueudla
1 = a a o 14 o [y a = ' ¢ 1%
ag1alluszdnsnn viliaiunsanaaeunisvinauvesdanasfiy, eenwuuvusudiiulule
p813918918 Taelusunsy Gazebo duatusaldousaiugenyiuIslAnaInialy uazds
aunsaldanusiuiussuuyUAn1svueus (Robot Operating System: ROS) ladnsae lag

fegnamtmvedlusunsy Gazebo Wudslugusialudl
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hodead hattaten | L N IS AL B 1L NI

JUN 2.38 fegelusunsu Gazebo

Y [ =

2.7 ﬂ"l'i‘lﬂ']ﬁ']LWiu\‘iﬂ'Jﬂaaﬂa%VIﬁJ RF20

§ane37iu RF20 58 (Range Flow To Odometry) 1 udanasiiud1nsunism
lalawuns (odometry) Tusesu 2 dAauLWILAY X Wazknu y Ndauwduglagldtoyq
NFaLnULaLgeINiin1sBesailuseu q danesiiullgniauslae J. Mariano Tudl 2016 [29]
U aa o o v s a N A o v 6 1
8ane37u RF20 2gv1M51i1U8yavealeessaufian1anmnisindeunduinivesgaunas

- g o 4 % 2 o J & & a v <

oviveUszanamusIURsusadlUia oAU IR Ina AN ATLA LT AT
a [ ) o | A a (% s a v 4:?
Wy wawalumuwndaninisasuwladivesdigues laglunudded nism

ALnIveIeINIAEuTlaeIn mszliausafn UL UL T aU HEUAUUNY LYY

¥
Y =

Wulanoslauasdidoaviaulaen W dunun sy 99lua1u1501995 01591 SLAM

[
a = =

(Simultaneous Localization and Mapping) ¢ ganaINulIIdANUUITaUN A Iﬂﬂﬂm
J. Mariano ladin1siSeutisuaruusugnvesdanasvuiionlitualelammiilaain
ulawasTuyugudiadoun nuindanaifiu RF20 ansalvdundsiiuiuginilanslugy

doluil



a7

JUN 2.39 MsUSeuig uuKUasaandumiawes RF20 wagdanasfiudu
(J. Mariano, 2016)

2.8  mssudayavauaugasdmiun1susEinaEniy
ﬂﬁiwﬁa%ammmumﬁ (Sensor Fusion) @195 UN17UssU @A (State
Estimation) wesiugusiiunszuiunisidndudmiunsiauvusudynussanlaiiuudiue
omAeulaui dmsunudsei nsvuaunnsUssnaanzalidmsunmniuaias
nveseIniFey tnglddeyaduniannn RF20 uagdeyadnn IMU lngldinsesaauiy
WuUEe (Extended Kalman Filter ; EKF) [30] § a.fusinsasdmnsuszuudi i dud adu
(non-linear) Tnedidunouaasnisvitune (prediction step) LAZT UNBUYDINITSNANAT
(update step) vnuUsEAIUNU Tneludumouveimsvhunety fnsesnauuLUUYENe9Y
Tideyaiflogromjusudifisutunanmhuesaniizdegiuramusud ey nduaeynig
Swiananngiigninelagnsiseyanneumesidruiudvinnsusuainuvesdianges
Aauny TaglusemninanszuIunIsazinIs MuUIUEITUNIU (noise) Wazlumizngauie des
Y99AUUUSUTIY (Covariance matrix) LaNITeNANAADALIAT WBTALWEEITUNIUDIN

a1

nsinvearugeswazassuniulunseuiuns linisussanaaniizliannnuutdugunnige
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3.1 a1

lwiedsn1saiiun1sidevesinendnusdlaunaneiitedsaiunu layd
gaziden ki s1eazideanisesnsuuresoiniasulsaudy n1saerilusunsuaIuay
N5y nsadanmwindendiassdmsunisdeulusunsumuaueinseuliaudu nsld

a va U & a 3 o
seuvuuinisvusudlunisilsulusunsuaivaueinagiunslulysunsudnasuazly
8130135939 wUININ1ITNAdaUNIsTUkazlunsszydvudlueia1s n1sindulueans
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3.2 N1599NLUUTUINVRIDINTALIULS ALY
nseanwuuaINEeulsauTunldlunisveaauluinerinusadull Wusiniaenu 4
Tuiimwuimdn Tnednisianudesnislun1sesnuuunuveulunvesnuive Tnennseasy

1 v 3 v Q’lj
Poyanuneanstuniseenwuulunwelull

M1399 3.1 AuReINIsiugIuvaIaInAeuliautudmsunsesnuuUInRIUAY

#1U9 A1 Yl
Fuauluie i Tutin
Sadlutin <12 i
vhwiinsauesenAey <25 Alansy
SEuELIaINNTU 10 U
LA UUU 10 LUAS
dhwiinusn <1 lansu
1. yavesamuANN1TUY -
Q‘Uﬂiiﬁﬁﬁmﬁ’lmiaméﬁ 2. U83n Nvidia Jetson Nano
3. YDLIDAR TG30

L1 9VINISANNUAAINUADINIT FUNITODAKLUUAINITIN 3.1 ka2 ¢VNNI5USEEIUY

1% $%
o Y Y

Yminveseiniaeuisnelagldaunisd 2.3 1 2.12 leeldlusunsunien Python Tunns
Fun Feagldviinoonsnfl Ussana 1948.85 n¥u anduddimiinfidunildluden
ueiesuagluinnuannisi 2.1 way 2.2 azldvuniaivesonnasrusenundu 0.225
wns wadsihdeyarimualuidenueine ey fafesiiusadusionawoslurae hover vas
oAy 487.22 n$u Mofifudfuss 50 Wedioud Tneuewwosifiansudenuild
Tulasanisiidie Motor Emax MT2213 935KV a1ntiuldihdoyavesmewasluidongunsal
ArUANAILEY (Electronic Speed Controller : ESC) waguummaiaintiu Miafesioruin

ecalC lunsiwinUieuisuanssousdoundu Inelanaansasluguseluil
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Battery Total Drive Multicopter
Load:- 1077 C Drive Weight: 1167 g All-up Weight: 1949 g
Voltage: 1421V 40.8 oz 68.7 oz
Rated Voltage: 14.80 vV Thrust-Weight: 20:1 add. Payload: 1406 g
Energy: 288 Wh Current @ Hover: 2185 A 496 oz
Total Capacity: 6000 mAh P(in) @ Hover: 3233 W max Tilt: 54 °
Used Capacity- 5100 mAh P(out) @ Hover: 2413 W max. Speed: 64 km/h
min. Flight Time: 4.7 min Efficiency @ Hover: 746 % 39.8 mph
Mixed Flight Time: 10.8 min Current @ max: 64 60 A est. Range: -m
Howver Flight Time: 14.0 min P(in) @ max: 956 1 W -mi
Weight: 652 g P(out) @ max: 6839 W est. rate of climb: 7.1 mis
23 oz Efficiency @ max: 715 % 1398 ft/min
Total Disc Area: 20.27 dm?

314.19 in?

with Rotor fail: 0

JUN 3.2 madnsilaninnisawandulusunsy eCalc

31INN1TATUIN a1U150a5UTI8asdgnvaIn1Teantuulududy (conceptual design) 16

samaluil

ANS199 3.2 518888V IBINIAEIUIINNITODNLUUTUAY

fauds A1 %ine
uwuluin q Tutim
Sadlutin 10 i
fmﬂﬂsmqqqmaammﬂ 1.95 Alan3y
g1
srughaviniugegn 10.8 U
A UUU 10 LIRS
winusIn 0.4 Alansy
AT 450 Tadlung
uR ESC 40 wauwUs
NoLes Emax MT2212 -
LUAD3 LiPo 14.8V 4S .
AILTIGIER 17.78 WASADIUN
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3.3 msuszneuanideuliaudu

£%
=

wuuiildannniseaniuumelusunsy 3 &R azgninlundnuasdusuiudiune tan

Y Y

gAY LHUATUBUABNLNEY WanaRn PLA uaswanafnluasu 9u 9 nasandsznou

Fudiuiugiuvesonasiuliauduissuiesuds alasunswweseoniagulsaudunlyly

o |

M3y fegusialuil TneliloUsgnavateennmagulsauduiiumingiuegn 1883 n3u

Y

5UN 3.3 ennAgulsauduinldlunuide

Tnguruanisiwenlosdiulsenaudng 9 veseniaeuliautuasiansisluguseluil

4x EmaxMT Hobbywing Xrotor
2212 935KV 60A ESC Dshot 600 @ .
h —
Fe S VL530LX
— - 7 Telemetry Datalink Distance Sensor YD Lidar TG30
\&Eria') (20 (Us)
Battery 16.8V | — )"” —* &
6000 mAh ?
5V Power module PX4 Pixhawk4 Nvidia Jetson Nano
Flight controller RAM 4 GB

5V Power

MP2482 5V
16.8V Power 6A Stepdown

el' Y =~ ! L4 4 v
E‘IJVI 34 LLNUN\TLLﬁﬂ\‘iﬂ'ﬁL“ﬁJ@ﬂJﬂ@QUﬂim%@ﬂ@qﬂWﬂHWUIiﬂuﬁﬂU
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3.4 m'i(??\iﬁﬂIUiLLn'iaJmUQumsﬁu

Tsunsuaruaun studulvsunsufignieadsluvesaniuaunisdu (Flight
Controller Unit : FCU) dw§uvinnsaiuaunisdu Taslusunsumugumstudidenldidy
TUsunsumueumsTuuuuidn (Open Source) Afidedn fEndlu (Pxa) Fssesiunsldan
fuvedn pixhawkd Amsdenlilumiddonded defadiendaursuariusunsuSovsosudy
Aoufiaevhinisfuld Fesfinisderlusunsumuaunisturey Wy msdfuifisureuiund
Yoyavesslumenuau (radio control calibration), MsUsuLisuleuges, wunime3, Tvuanis
Ju uay 8u 9 laedlusinsy Q Ground Control iludrumunuaiafiu (Ground Control

Station : GCS) TdmsusU-dedyeyrauiuoniFenulas USULAIAIRIg 9

Radio

JUN 3.5 dhegrmihasudeyanisusuudalusingunisdu

35  madeusaszuuUfianimiusudidifussuuaruaunisiy
MadeNseszuUFTRNMusudin fusTUUAmUANMITY sgthesmneamEayan
Tunslisulusunsumurugunsainistulagldpeuiiumasauinén (companion computer)
TWagaanundu uazesiudaninuaiunsnvesoiniasiudaelnsianzn i ussuy
Uszanananm wastgausedviidiluliernmaiulauty unudanisideusovesn

pouumesidluiusniuuesamuaunsdududiluguseluil
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Ground Station
ROS Enabled Computer

MAVLink/UDP qGroundControl

|

MAVLink

«

WiFi

Vehjcle

Companion Computer

MAVLink

UART Adapter

| Autopilot

JUN 3.6 unuInsidenseuainnauiimesitiiuuesanlugunsiy

vasnruANNsTusnlulA (Autopilot) 9zgnidsusioiuvesanoufiaimes Nvidia
Jetson Nano ¢18 FTDI Adapter #1815t ousionuy UART sislugud 3.16 Tnonisdeans
Toyasyninvoiasaoszduinudaelusinreanisdidoyadmiueinimeiliauduaun
W& (Micro Aerial Vehicle Link : MAVLINK) Unu8$a Nvidia Jetson Nano a¢iinsfinge
s3UuUUANISYueUs (Robot Operating System : ROS) 135178 wavdnsindauiiaing
MAVROS & sid uwiatnadmsunisdarudeyar1u MAVLINK uidunisd eanslneld

message 984 ROS 1@
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TELEM2port | @ @ @ @ © @

,jl:X/'lr'IWk"{‘

5V TXD RXD RTS CTS GND

Do not connect 5V 9¢ X
FTDI adapter . m . }

(the pin layout depend on the type
and brand of adapter)

5V GND RXD TXD RTS CTS

SUN 3.7 M3geusiauasaneuiimesiuuesaaIuANNITIY

Wevnisideusieveiandediiulauay agaunsodadoyaseninaiuniy ROS

message ba Asludaag193ui 3.16 Fududiegrenisfsdoya IMU 9nvesamuaunisdu

<

UDNAINHUMINAT DIABUNUABT ATUANAIAN UL TEUVU JUANTY UBUARAA 1L e8 AL

Y

a11150dedoyar 1uHIY ROS message 3873 19ABNTILADT ULDINIALIULATAATUAIUAY

AANUEIU WiFi Tagne

= E;on@nanm - PSS
F& Edit View Search Terminal  Tabs Help
horr s/sr. Laifdrone ¢ jetson@nano: ~ -+ -
stamp:
secs: 1644734651
nsecs: 186652624
frame id “"base link"

orientation:

x: ©.023433797673250725

y: 0.020761345528424246

z: 0.8367280861560741

w: 0.5467229972511015
orientation covariance: [1.0, 0.0, 6.0, 6.0, 1.0, 0.0, 0.0, 6,0, 1.0]
angular velocity:

x: 0.0033133644610643387

y: 0.007242713589221239

z: 0.0008935216465033582

angular velocity cCovariance: [1.2184696791468346e-07, 0.0, 0.0, 0.0, 1.218469679
1468346e-07, 0.0, 0.0, 0.0, 1.2184696791468346e-07)
linear_ acceleration:

x: -0.1146664246916771

y: 0.640320956707002

z: 9.815071105957031
linear acceleration covariance: [8.999999999999999e-08, 0.0, 0.0, 0.6, 8.9999999
99999999%e-08, 0.0, 0.0, 0.0, 8.999999999999999e-08]

~Cjetson@nano:~$ [

JU 3.8 Megrnisistoya IMU 31nUesanIuaun1sUukIy ROS message

ludruvesnsdslusunsuauauvsermdsiuliernagulsauduujifnuaiunsasi

lawsdaalierniAgulvuan1s0ukuy OFFBOARD fiaufisasauay sty companion

|
a v o

computer @xnsadsandndiluauaule lagluaddeid mdrnusinnnsAuinees
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lumansiseugiuuasuiaugadnazgnaslulinuuesaniuaunisdumelnun OFFBOARD

warluslnAaa MAVLINK wagszuuufiansueus

3.6  nsasslunadnasseseniAguliautululusunsy Gazebo
nsadralinatiassveseiniaeulaudululusunsusiasadud siiddnyd oy
AT wzdeddnnsi software in the loop (SITL) Tunsideulusunsuiieiinluna
TiAnnsBeuiiasuindadedn naaeunadeulusunsuililumseuauuazlsunsudu 4
Aowhlunaaeuass Tnslusunsusiaesiidenldu Ae Tusunsu Gazebo 7 o1
spuuUfURnmsiusudlunisidendelAnlusunsuniuaunisdures PXa Wrduszuudiass
30Ul lumaiignuindilulunuudassaggnasstunluguvedlsid URDF (Unified Robot
Description Format) uazgniinssudndureseuitesuazenmanamaniidilu  wenaini
Pziinsdassanmwindendmsunsiniulueataznageun1sviureslusunsunaulily

ldgunsnlasednae

3.7  mavagaumstuiugiulugunsaiase
navageumsiuiugnilugtnsafaiaduduneunismaaounazyfundsadosnm
A150uYadINFeIulsALTU Iuiwmmﬁugwulﬁud Inuaatesnn (stabilized flight mode),
InuaAuANAILEs (altitude flight mode) kaglnunaluANeLMUa (position flight mode)
LazyIINISUTULAINTITMDSA1S 9 LU AlNuAIRIUANTleA (PID gain) NMUSUNTUAA 9

2 v ] ° 9] v & a v
\JunU Q‘Hﬂﬁg‘ﬂx‘iﬂqimqﬂqusﬂa\‘iaqﬂqﬂﬂﬂﬂﬁﬂu%‘ULUUVLUG]"INV]@'ENﬂqi

3.8 maadeuldsunsululuunsenuain
nsnaaeullsunsululnunesruasadun1sneasuaugnaereIn1syinauLed
o1mrguliin Ifimdasadouazyhnugnissmuiidesnsvield Taensmeasuazgn
wuseanukuuuenaans (outdoor) wazuuulue1as (indoor) lnensvngeuLenaIAsae
T spunspysumiuuuifioalunisdiumusumisiuiu (local position) daunisnageu
aglueimsilddeyaveuaiwesiunisseuduniaan lnen1maaeulusunsululvung

20U TVUNDUNITNTIVEDUAINNT19FB lUT
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AT 3.3 azdean1Insadeun1Tynululnunesenuese

19U S1UaZIDYANITNTIEDU nafAIAvINg / fadTn
1 theneeutudy udusuTuunnis | endeudesanunsadnusumlawes
Judulnuanssnunsuma AULDILe
2 $ulUswnsudmsunisasiumidy | enreudeatdsulnuanisdudu
InumeenussalriuaINIAeIY InuneanuaIn
3 desunisiigesnislionnidey | eandeudesanusandeudilumiunis
wasudilsulnuneenuasa figoensle mmfgmﬁﬂmﬂﬁ'auﬁﬁgﬂ
farunenld (0.2 wasaoduil) Tneiily
\@801n15
4 | waseunganisiulusunsudmsuds | Tvn failsafe dosiemilasnsiasy
mdslulnuneoeriuase Annuneervasaduluunsnw
suvs Tooiliggydoanugauazaidios
AINNIT0U
5 [ dhoimasuasen udhiatuiin | doyaigniudinlulwdtuiinnsdudesd

NSTUNINTINABUANNYNGBIVEN
nsagulnualarANUYNABIYEY

NSATUANAILINITARDUT

ANNGNADY

niegen1snaaeunsinnululnunesluasnveso N IAEULERIRTtugURB LU

[

JUTN 3.9 dnwaen1snageunsinnurediineeluesauenaiIis
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JUT 3.10 anwagMImagauNIsyuvedlvuneeiuesnlueinns

3.9 NM139RNLUUNISIUZANITvaslUAaNITREUSITean
dmsunsiinleanisfoudiddinvesnidoinunssuiumsdnaulavouninew
fosdinsadnanisivianiog (S) ifuluea ielilunaanansauianiizdagiuuas
anmefidsuluvosiunuld Inelunuddeid ndesfiofildlunissuianie (state) veq
Faunufidenldfe LIDAR (Light Detection and Ranging) 3 3azvinn1snuswnueveins

asavdusenun 24 funus lnewusyulunisnsaadudu 15 aseui 9 fu deguseluil

SUT 3.1 ms¥udanmizdng LIDAR
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weNINN133UFaNIZME LIDAR udd (Sigser) Seaiinisiudanziedoyaves
funidsesainaguiisuiuidvanesie lngasAmdussezniesenineenimeiukay
e (Sg) swdawuvesimunivedasuiugadmune (Sp) sevililddeyaanioz

8n 2 anmz Swvimuaiuan1azfisuilaein LiDAR Wuiwun 26a013z

U7 3.12 M3fuianiazsne LIDAR

3.10 A1seRNLUUUI)INTEYivaIRIuNy

dmsunseenluUNIINIEIURIRN (action space) 39 a, WWun1seonwuUd

'
o

ALNUEINNTaNTEY LA 1RINNTnsSUan1IBULINEDUNIUAT Wevnisiasuiduaniig

(%
o w v

wandeudnll lnensmvuaU3giinisnseyiilu agdesrnddanadnsnfeansueeIniAey

= v Y v

funuaEnunsanseyland N inssusaneuInaeulIlar i evimsidsuduaniig

Y

wndeudaly Tnensimuausginisnseiii ssdesiilsdenadnsidiosnsvosorniaen
TurmAfediitelétinmmeaedduiglinensssh 2 wuiflemdigimansgyfianyaudian
Tneihsgifiaenndoatusaneiiiu DDPG 2 uuudieluil

1) nsfmuadiginisnsgviduanududadunasanuiudamueseiniaey

2) msivuauIginisnsgrindusumdadmunediasululussu 2 fives
91NAELIY

Felunanmaaouilestuiinutiu nstmuauuudl 1) asshldnisnsgyiioonand

4 Y a Y o = S W a
ﬂ’J’lJJLL‘UQﬂ'ﬁ’]’JLﬂﬂU LLa3G’]aﬁaflﬂﬁ]ﬂ'ﬂ'TEJE]ELUﬂfl'ﬁﬂﬁglfJaNaﬁjﬂJVNW'jWEﬂﬂ{LUﬂ'ﬁU'ﬁgﬂJjaNaVIQQ
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1%
a v

uAulvIddmanganiunisihluldanuluemagiuliaudu lunuidelidadonnsiivue
Uipfimansevindunuui 2) feswazBuadsieluil

nsnsgsihweasunugnimualifu 2 manseviildun mswdsuiundainisiadeud
Tuunu X wagnsiasusdundsnisiedeuiiluinu Y ifsuiumisusadweseiniaeiuies
Tngmsidsuulasmsindouiiazannsamldanieminnmsdunvesilunaiieany

i
v [

wuusiaiiias Ingavgndndadelililihie 1 wassensidsuwdainisiafeuil 1 A9 wag

Tunsinelulaeanaziinislddssuniu (noise) Wrlulunisnsevindnale Tasanunsalioy

UipAimsnsgvindsaumisieluil
a, = [AX ,AY] (3.1)
|AX] < 1.0 ,|AY| < 1.0 (3.2)

UONIINNYANTTUTNLMLILAUVBIDINALIUKAZNITANAND TUNITAIUIUVDI LU

'
2 =

w8y Msidenldusgiiuuudenaiazyinbilana nsiseus lduegiudnuvagnisiadouiived

funu feliu nsilinluea 1 sevazansadiluaafifnluldiuusuduseamlanle sisain
a a & d‘ v v = v = v a

mMysryUiniiluuuudu wasdwiglinisamunuiimnudasadeanndumsznisdnaulauas

ﬂ?‘iﬂ’)UﬂﬂJﬂ’]iLﬂﬁ@‘uﬁQﬂLLEJﬂ@EJﬂ‘\ﬁﬂﬁu

3.11  nsmnuaneanTus19Ia

Tunisamuailendusieda (Reward function) @msunisinlillaaaze1989iutednn
wazmswidamuosnistinas Tnefaiduseiafimmnuatuazsliiunildseanntude
dlndmanesniy lumenduiu mndunuesnvinsannidmane s1eiaidunuayldsu
Jvanad Welinmswuiuasiaung AUz deATUUUE 1IN INWATANTNLINA BN N TLEN
Talifudt wena1nd iterulasadoaziinisfvusilsndusisiareanisiussagsiiaosnain
Mnavesiiunudnalg lnefleaidusielian singidmuny (rgrger). MeAtus19iavaINIsTY

& [ 1 | o d‘ a dy
(Teottision) HaENINTUTINTAVDINITIUILYLNIDDNAINANL (T4,q1) wgﬂiﬁﬂumm Yy

A5V ULAGIALNITANUAN

1(d,—d;)>0

T = (3.3)
rarget {—1 (d,—d.) <0
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—200 collision
Teollision = { 200 goal (3.4)
Twan = € * (min(ranges) — dgp) (3.5

d, fe szegnneuvnthsynitsdunuiudmang [m]
d. fe szggnelagtusewirsdiunuiuidwang [m]

dgy A9 VOUUNTZIEANNUADANEBE1NLDYTENINEINAVINNAUAINY [M]

nAeRTUT 9T ILn 98lA71 $19Tav09RIULNUEIINEIUAISASEN @ Tudn1g

y o &
s, wannTalaanaunsaeneluil

re(spap) = Ttarget T Tcollision T Twall (3.6)

Hetusreianamuafinanunaggnihlummunaladidviulun admsuihnisteus
wazUslunatiie llunaanunsarusmuleue (policy) NANAAYBIRIUNUAINNENNTT

YDINTIHUWUULATUITUTEN

3.12  n3a3eluanIsEusEsNANawYean
lunmsasrdlunanssgusiasumaadedn wsudsansdeulusunsudild fie lausa
Iwseosy (Pytorch) Ima‘[umaﬁgﬂa%’wﬁmLﬂuﬂu 2 dau laun lunadmsuiniedneasnn
(Critic network) kazlunagusuinsotsuans (Actor network) lagLA3oUN8LaAEdINISU
Fagavidn (inpub) Lluan1iziiiesednufien wazasorea3fnasdinisiuaniizuaznis

nspilluszuunIevie lassasiesasedienidesUssinviansaslugusalull

Input (s;) 26 Input (a,) 2

Linear | 400 | RelU Linear | 300 | ReLU

Linear | 300 | ReLU |

Linear | 300 | ReLU

I‘_ 4_I
I I

Linear (@) | 1

U 3.13 lassasalasestnemssnignly



61

Input (s;) 26

Linear | 400 | ReLU

|

Linear | 300 | ReLU

Output (a) | 2 | Tanh

5UN 3.14 Tassasalassemuanignlyd

lassynasanand (actor network) agsutoyavidniuan1izaosiiunuuwdnily

UI211aNaNINITNTEINUDIANUDBDNLN A8 TURDULSULSN TRUANSUMNUNIIWIY 24 Tiaas

Y
%gﬂﬁﬂﬂmu%’m%awial,wmﬁu (fully connected layer) filduiuiliaasuiseanidu 400
Hesnouuaignyiuwunvuessdalawdy (batch normalization) wieaiuUsuAINIERALHA
IndiAsenouneunagr Ll TunseAULUU ReLU (Rectified Linear Unit) udadsgnasludadu
= \ & a =~ Ao a ¢ a! a &1 ) ° ¢ Y o
WaUABWUUINT 2 Falidnuiuillaasviesnidu 300 HLaa55uUNISYwuNg wasialtaiwdu
& o v v 2% Y & v o
wazflandunseduluy ReLU augavinegnuUasteyalitiudeyavieanyain1snseinves
AIUNUBDNUITINIU 2 AaisuilendunseRuluy Tanh laenisnsgviniaanuvzgnaly
Tnumwnu
Tudruvadlassngasin mﬁﬁa;&amLﬁé'fwzt,ﬂuﬁqamamasmiﬂigﬁﬁﬁmummméfumu
Tneusnaontdy 2 dufsuldiniulasavieUssamifisuauuIuITAUAUNDUNITAIUIAAT Q
Ingdnuinvesiinesuazilandunseauauisaglansud 3.14 lnedeyavioaniieanunann
& ] aa [~ 1 ) Ql' :J/ (Y ‘:!! ) a ‘:l' [
LASAV1LATANAZLUUAT Q VDINITATELNINANIICUUUDINILLNU mﬁ]ggﬂuwlﬂﬂimmmwaﬂiu

wlevieises 9 ulauleuienfananvosiuny

3.13  msEnlueanisteuiiesunaadeanlulusunsudnans
nsEnlueansiseuskuuEsumMaudeinaziinsilulusunsudnaes Gazebo lag
N3 19EN NLIREaLSIaDsELTRTULNEEUTLATY Fusion360 waavhnisdseenlunadile

wUasdulngd URDF Tnswuuvesauudiaouansdislugusoluil
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5000

4300

10000

10000
(]
1]

10000

&
&

5000

5000

JUN 3.15 wuvvesawwmdassignldlunisiinlunanseuvuiaiioswulumiieladiums

JUN 3.16 awuigniudlusinsy Gazebo siufulunavesmuny

Tunsinluea Tusunsuasinnsguaavunefidunuazdesluadilavumn anuuae

1 o

dedygradilumasunisiintaglifunussuiainnisdeduniivesiaesivises 9 lnad

AR

= o

Sadnisimaeudeiuntsliiiu 1 s Jelulsazsou (episode) 8dN1IAUUATIUIUTU
(step) gegAveN1si3auiagi 2000 Tusie 1 soU Femnluseuifglfiumunuainsaluii
Whmneldneunuadiuiutugds TUsunsuasyinsduiamunglnduuiliiuny usvin

FEMINTBUINFYUANTUNMTIATY an1niInaeNmuagnsuRuUlniiauaz IuToU
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Trilagviud TuseninanisiliniuaziinnsTunnA1veasIaiadeautanld MnNARAaEYIs19Ta
avauly 100 souargadAwnnIAnedRunoun dilunavzgniuiinuagyininssnan

Wiges 9 auninsiinazasedu elildlunaviseulouieinign

3.14 AISNAFAUINLAA LUENTNLINADUINAD

wasa1nnstnluasaseuios lunavzgnirlunaaeudvanimuwindeudiassneu

Taetduawundunuluireiiuuineuy F3Usenaumeauy ¢ auiusaseluil

8
1500 o
I
2000
o o
o [=]
w o
— w0
2000 \
o 1
8
‘ 5000 | 5000
(n) (@)
1600 . 1300
[ \
(=] (=] (=) o
S § 400 § @ §
3200 I
(=]
3 S
- o

‘ 5000 | 5000 ‘

(m) (9)

gﬂ‘ﬁ 3.17 unufiaundassiildlunisvegey (n) st (v) @unn2 (A) @unu3 (1) auwd

'
a

dmsunmsnaaeuluawindaeani 4 auiu sunuszgniluudesnynsuauvedus
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fo 1 aunuuavihnmsduiindunisidunuinsdedulanuidunieauisatenaiieni
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(fusion) fiuseninetoyavndane3fiy RF20 waydoyarad IMU MeiinsasntauTuwuuvens
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JUN 3.20 Asfmvsdmsunisnadeusuwuun 1

B

JUN 3.21 dfavnsdmsunismegeuuuuui 2
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[
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Acceleration Power Spectral Density
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Pitch Angle

— Pitch Estimated
6 — Pitch Setpoint
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AnwuIndonsiaasii 1
ASs
a1au X y X y X y X y X y
1 -1.50 | 1.50 | -1.50 | 1.50 | -1.50 | 1.50 | -1.50 | 1.50 | -1.50 | 1.50
2 -1.30 | 1.01 | -147 | 133 | -1.49 | 134 | -1.34 | 0.83 | -1.52 | 1.35
3 -1.25 | 052 | -134 | 0.79 | -1.34 | 0.82 | -1.20 | 0.44 | -1.35 | 0.83
4 -1.60 | -0.04 | -1.18 | 043 | -1.20 | 044 | -1.73 | -0.26 | -1.19 | 0.45
5 -1.04 | -0.89 | -1.72 | -0.28 | -1.74 | -0.27 | -0.78 | -1.21 | -1.73 | -0.25
6 -0.17 | -1.72 | -0.77 | -1.23 | -0.79 | -1.22 | 0.00 | -2.06 | -0.78 | -1.20
7 0.83 | -1.95 | -0.01 | -2.07 | -0.01 | -2.06 | 0.82 | -1.66 | -0.01 | -2.04
8 094 | -1.46 | 0.78 | -1.66 | 0.79 | -1.65 | 0.99 | -1.38 | 0.84 | -1.66
9 1.29 | -1.18 | 096 | -1.38 | 0.97 | -1.38 | 1.16 | -1.36 | 1.00 | -1.36
10 149 | -147 | 1.15 | -1.36 | 1.15 | -1.37 | 1.26 | -1.35 | 1.19 | -1.35
11 1.49 | -147 | 1.25 | -1.35 | 1.26 | -1.36 | 1.20 | -1.26 | 1.39 | -1.28
12 143 | -1.39 | 1.32 | -1.28 | 1.41 | -1.35 | 147 | -1.51
13 151 | -1.50 | 148 | -1.45 | 1.51 | -1.50
5
—e—routel
e

routed

—a—routeh

= a o a' = v v ° =
E‘U‘Vl 4.8 fian1sinaeunveIR I nUlugN 1nLINa NI 188N 2
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ANINLINADNINADIN 2

ASs 1 2 3
a1au X y X y X y X y X y
1 | -150 | 150 | -1.50 | 150 | -1.50 | 1.50 | -1.50 | 1.50 | -1.50 | 1.50
2 | 129 | 075 | -1.40 | 1.30 | -1.41 | 1.30 | -1.34 | 1.25 | -1.21 | 0.85
3 | -084 | -001|-111| 063 | -1.10 | 0.63 | -1.06 | 0.58 | 0.93 | 0.11
4 |-019| 009 | -136| 052 | -137 | 058 | -1.45 | 0.68 | 0.3¢ | -0.11
5 | 037 | 071 | 116 | 022 | -1.16 | 0.24 | -1.15 | 0.30 | 0.26 | 0.68
6 | 090 | 1.20 | -078 | -0.04 | -0.76 | -0.03 | -0.65 | 0.15 | 0.88 | 0.95
7 | 102 | 151 | -008 | 027 | -006 | 0.29 | 0.05 | 050 | 1.07 | 1.75
8 | 138 | 1.43 | 028 | 039 | 036 | 0.29 | 0.46 | 053 | 0.97 | 0.97
9 | 149 | 151 | 076 | 1.18 | 049 | 1.10 | 0.87 | 1.43 | 1.53 | 1.39
10 096 | 1.42 | 0.89 | 1.02 | 096 | 1.39 | 1.52 | 1.49
1 098 | 138 | 1.06 | 1.77 | 1.05 | 1.59
12 152 | 1.49 | 151 | 1.50 | 151 | 1.53
13 149 | 151
.
e oo
3 —e—route2
> 3 2 —e—route3

route4

—e—routeds

= a o a' = v v ° =
E‘U‘Vl 4.9 fian1sinaeunvesRInUlugn 1nLINaRUT 180N 3
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ANINLINADNINADIN 3

A3 1 2 3
a1au X y X y X y X y X y
1 -1.50 | 1.50 | -1.50 | 1.50 | -1.50 | 1.50 | -1.50 | 1.50 | -1.50 | 1.50
2 -183 |1 094 | -168 | 146 | -184 | 094 | -1.94 | 1.02 | -1.84 | 0.94
3 -1.67 | -0.06 | -1.47 | 049 | -1.64 | -0.06 | -1.43 | 0.02 | -1.69 | -0.06
4 -1.23 1 -098 | -1.53 | -0.10 | -1.21 | -0.97 | -1.30 | -0.64 | -1.25 | -0.97
5 -0.39 | -1.76 | -1.20 | -1.05 | -0.38 | -1.76 | -0.50 | -1.49 | -0.41 | -1.74
6 0.61 | -1.76 | -0.37 | -1.83 | 0.62 | -1.75 | 0.07 | -2.08 | 0.58 | -1.74
7 0.89 | -1.66 | 0.62 | -1.77 | 090 | -1.67 | 0.46 | -1.60 | 0.87 | -1.67
8 1.01 | -1.40 | 090 | -1.66 | 1.01 | -1.40 | 0.82 | -1.45 | 0.99 | -1.42
9 1.38 | -0.85 | 1.02 | -1.38 | 1.39 | -0.86 | 1.26 | -1.31 | 1.37 | -0.90
10 161 | -1.09 | 1.39 | -0.82 | 1.62 | -1.11 | 135 | -1.27 | 1.65 | -1.12
11 1.23 | -134 | 157 | -1.11 | 1.20 | -1.36 | 1.59 | -1.53 | 1.11 | -1.35
12 161 | -1.48 | 1.60 | -1.51 | 1.39 | -1.12 1.44 | -0.77
13 1.61 | -1.52 1.61 | -1.49
25

—e—route1

= —e—route2

>-1.5 —e—route3

route4

—e—routed

5U# 4.10 fifnmsiedeuivessumiluanimuindonsiassd 4
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AN 4.6 A5 19TUNNNISLADNLEUNTIIVDIFILNULUANINLINADUI1ADIN 4

ANNLINADNINADN 4

ASs 1 2 3 4 5
a1y X y X y X y X y X y

t | -100] 200 | -1.00 | 200 | -1.00 | 200 | -1.00 | 2.00 | -1.00 | 2.00
2 |-012| 101|000 | 102 | 012 | 1.01 | 000 | 1.03 | -0.04 | 1.01
3 | -020| 059 | 009 | 065 | 020 059 | -000 | 065 | -0.12 | 0.61
4 | 013|032 015 | 027 | -007 | 027 | 014 | 028 | -0.28 | 0.36
5 | 014 |-069] 029 | -000] 014 | 032 | 030 | -0.08 | -0.15 | -0.32
6 | 013 |-149] 000 | 039 | 013 | -069 | 001 | 038 | 0.38 | -0.97
7 | 036 |-162| 043 | 090 | 014 | -1.48 | 043 | -0.89 | 0.51 | -1.74
8 | 072 | -1.68 | 0.09 | -1.47 | 037 | -1.62 | 0.09 | -1.47 | 1.53 | -1.98
9 | 115 | 203 | 030 | -1.59 | 0.3 | -1.49 | 031 | -1.60 | 1.52 | -1.95
10 | 151 | 207 | 034 | -1.45 | 098 | -1.65 | 0.18 | -1.48

1 152 | -1.92 | 1.49 | 2.01 | 0.40 | -1.65

12 151 | -2.10 153 | -1.97

13 150 | -2.12

INNANITNAADU WU LulARzaNINLIAAoNTIaBY AIunuausandunislug
mnglilaefidumaiiaeiulusdazediazianulndidosiu Tasvsnadulfaduuin
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nisuduisgavaneidudnueginion 9 dusargead 13 Tu svazvndluthaiuduayd
svpzmafion wiludieierzdsssemeiiduiio fosnsusomundsvasiunililnd ny
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4.6  wan1snagaulumaluainiAguliauduai
lunisneaaeulunalueinimguliauduass emagugnnaaeuluan1izuingey

2 uwuu lagldSunisvaaeudaeqgas udunagganunedeadusiuau 5 ade donds

AnMWINden MIFINAAATUUY GPU 983u8$n Nvidia Jetson Nano RAMAGB Taglu
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AINAAAAIRAN5197 4.6 waznsuanudunienisandulassuwansduguic.11 lneluy

ANNLINGRNN 19AUANRENHAR (4.0, 0.0) uazganIngUatenIefe (-3.0, 2.0)

AN 4.7 P15190UNNNISIADNLEUNIIYDIDINAN U UANTINLINFDURIIN 1

AnNLINGENR3 1

Asq 3

a1au X y X y X y X y X y
1 3.99 | -0.08 | 4.11 | 0.00 | 4.00 | 0.00 | 3.98 | 0.00 | 4.01 0.00
2 359 | 045 | 322 | 0.29 | 375 | 0.33 | 3.00 | -0.20 | 3.02 1.00
3 259 | -031 | 222 | -040 | 2.75 | -0.44 | 2.00 | -0.72 | 2.03 -0.42
4 1.59 | -1.12 | 1.22 | -1.19 | 1.75 | -1.12 | 1.00 | -0.47 | 1.03 -0.19
5 0.59 | -1.09 | 0.22 | -0.20 | 0.75 | -1.14 | 0.00 | -0.50 | 0.02 0.07
6 -0.41 | -0.12 | -0.78 | -0.28 | -0.25 | -0.15 | -0.28 | -0.37 | -0.98 0.21
7 -1.41 | -0.17 | -1.78 | -0.24 | -1.25 | -0.15 | -0.49 | -0.29 | -1.98 0.20
8 -2.27 | 043 | -250 | 044 | -2.17 | 0.42 | -1.07 | 0.01 | -2.78 0.93
9 -3.07 | 1.15 | -3.25| 1.21 | -3.00 | 1.04 | -1.48 | 0.42 | -3.07 1.37
10 -3.18 | 1.49 | -3.24 | 158 | -3.15 | 1.40 | -1.71 | 0.34 | -3.22 1.84
11 -3.14 | 1.01 | -3.25 | 217 | -3.16 | 1.83 | -256 | 0.92 | -2.82 2.02
12 -3.00 | 221 | -261 | 182 | -293 | 2.18 | -3.12 | 1.28 | -3.01 2.19
13 -298 | 212 | -3.11 | 199 | -273 | 1.42 | -3.18 | 1.64
14 -3.01 | 1.90 | -3.23 | 2.26
15 272 | 1.71
16 -3.12 | 1.95
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NHANTHUT BULAGUNUI LA UNNT @S1991NH27190HULUU A* TR wurlduea
LAUNSLNALALINULAUN 19N LA NN NSFAAUTVIDINIALTULALEUNIINAS1991NDINALIUY
ToszoenanuINNIwazdANUsIELS8U (smooth) YagnI HEUN N AS1991NHII19HUAL

YOUAVBILHUTIBENDUY DAMNANINEINAOUT LULAD TUANINLINADULUUT 2 A1S19ULANNS

Y Y Y

v a

aaulavesdunuluaInAgIuin1sAnaUlARoUN LA TURTAGIANSI9N 4.7 WazaIU150

Uldansmladagui 4.15 Ingluaninuindeud 2 yasudusg i (-3.0, 2.0) waz

vanegUangnnsde (4.0, 0.0)

AN 4.8 H159TUNNNISLADNLEUNIIVIDINASNUTUANNLINFOUDIIN 2

ANTNUINERUT 2

ASS 1 2 3 4 5

a1au X y X y X y X y X y
1 -3.00 | 2.00 | -3.00 | 2.00 | -3.00 | 2.00 | -3.00 | 2.00 | -3.00 | 2.00
2 -3.06 | 219 | -3.08 | 222 | -3.02 | 2.15 | -3.07 | 222 | -3.21 | 1.68
3 -320 | 1.66 | -3.18 | 1.65 | -3.20 | 1.68 | -3.18 | 1.65 | -3.21 | 1.35
4 -319 | 134 | -3.11 | 1.34 | -3.21 | 1.35 | -3.10 | 1.36 | -3.07 | 0.97
5 -3.04 | 097 | -285 | 091 | -3.07 | 098 | -285 | 0.92 | -2.25 | 0.32
6 -2.19 | 032 | -195 | 031 | -225 | 033 | -1.95 | 0.32 | -1.56 | -0.11
7 -1.36 | 0.11 | -1.27 | -0.06 | -1.56 | -0.10 | -1.26 | -0.05 | -0.57 | 0.64
8 -1.21 | 0.21 | -0.27 | 0.41 | -0.58 | 0.24 | -0.26 | 0.51 0.43 | 0.51
9 -0.99 | 002 | 0.73 | 052 | 042 | 0.41 0.74 | 0.25 1.43 | -0.36
10 -0.30 | 0.37 | 1.73 | -044 | 143 | -0.38 | 1.74 | -044 | 2.43 | -0.47
11 0.51 048 | 272 | -0.20 | 243 | -047 | 273 | -0.30 | 3.43 | 0.09
12 1.41 | -052 | 3.72 | -0.37 | 3.43 | 0.07 | 3.73 | -0.37 | 4.22 | 0.19
13 3.00 | -0.33 4.03 | -0.06 | 4.00 | 0.10
14 4.00 | 0.00
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W3BULgunIAT RMSE (Root Mean Square Error) 1ag@1519A1 RMSE woatdunislu
anTmuIndesmndeuIiasanwansddlunsiei 4.8 mndumsnsveaeuaislaiiniades
ponnduuwnltiveadumsitldandinnaunm A* 1nn axdldwes RMSE figenindumadiil
nsideauutiesnin Tuanmuindouiiaeadn RMSE avegluraslndifssfuuansliiiugiy
dumsiildannsdndulafimnulndidesiu dauluanmuindesiiviadunsnsdadula
vasluiaa DDPG azimnulndiAssfutiosninanminndeniians lns1 RMSE tesiigneti
0.315 Fadumasdildaziiumlulndidsaiuidunisildaindannaumy A snusdluidunis
d1dudl 5 fiAn RMSE 71 0.635 Fdliidumaiioonsinaannuuaidumnaues A* snfigauagyinlsr

nstulissegrinalesnindniavinetosian

AN5199 4.9 M1519N15USEUTIBUAT RMSE U09t@dunI19nIStARoud

Eumadi anwuandand 1 [m] anwuandand 2 [m]

1 0.516 0.458

2 0.505 0.586

3 0.447 0.532

4 0.315 0.564

5 0.635 0.568
Al 0.484 0.542
ANEaEN 0.635 0.568
Adam 0.315 0.458

1NANS1N 4.8 ALRF8UBY RMSE Uaa@un19tudnInwiInaaui 1 daAndasninanin
v a P al v Ay v o | A a o
wIRAaU7 2 TngTuaN INWINAaUN 2 LEUNITLPANNAINLEY A* Tudran1sraunandena

yafigeaiinigiuszervinsaindsinvinsluneunauninesninUsyana 0.48 1uAs uA
dunsfiarsoonunann DDPG Hszegviaadeiiuszanm 0.2 wnsinainveuusnvedluiia i
AuanAaiuUsEana 0.28 wWnsdednidu 2.4 wh aveiAneinaeuUdsusitudsinyaned
wilsludsAnunsiiaedlansliansaasawesluimounaisimunvasdaionnsldosng
auysal WnedreweuuendimuunudIaIsaianaenannsnsInuvedlaniseaniula
freananyumsivannizveslanignuuslii 15 ssaluusiazdiuas Tanadunudalails

Andulalioinimeuiinisessiteanundn nindesnswideviadiul aunsovinlalavanyy
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indeuiilussgavinedidesnisidlaasseiuamnugaenly enmeeudesanunsaairadumai
Uaonstludsgamnsglduazannsavinistuluenasld snideiiseandonagy feil

a¥enaeudluiinfifiisumeslans 2 17 Andaey fusinmununisiuuas
poufiumeinuANnsTuhnuswAulneldszuu foRnmsiusuduazufiaing MAVROS il
ansovilvireufinmesauaunistudimsnaiadeuiiveseinimgulilduniaiseylalu
InuaauauMstuLuUeeuaineg ugnABdLazUaonsiy

wimnnwureslanisias IMU 11851952 Uuseyiwiiagyinmevasainpeuls
AUdUMEBaNa3TiL RF20 Lagsiinsasnnasnukuuveny (Extended Kalman Filter) waatipn
dunafiladddivesamuaumstufiossyiunisdmiunmsianululuenisdusnlui
Faszuuszyiumisanansavihanuldessgndesauunufidadrsdawazannsaldimisly
91A15lA

Rnduluiaanisifgugwuulaiunaudedndglaina Deep Deterministic Policy
Gradient lngldn1ssusanizanlanis sundsvesonnireuwazaaving luanmuindey
1009 Mnarlunsinlaaalimun 172 $2lus dseunssuniomnd 5324 sounis
f-ﬁ’mmiﬂsfléffaj’mau%guiumsﬁauﬁlﬂﬁwmm 1,764,206 4u AILALLUUATANFIEASD 1 TOU
msdwaniu 69,960 axuuu flumaaansadadulanisnszvindunsndouiduimsves
o1mAguielusgavinels

ilunadildannisiindulunaaeuivanimuindonsiaosiomn 4 anmiadeud
wANE 19 LA AUVUlABAULINDUTIVIY 5 FOURBANINWIAG BN AIUVNUAINITON
Funsfivaanseanaaisusuludamngldlagldsunuiulunsdndulaedratos 9 du
wazgeaadt 13 suluituiivualsidiu 5.0 x 5.0 wes Tedumduuiazsouinnulndifestu

ilapafiiunmsnaseuluanimiadonsaedlulifuoniasuaiduiufiaiaouin

N9 x 817 x g9 geaadu 7.96 x 12.07 x 2.5 w5 luanmwindeuiildineuiumnneulaed
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A9Rnv919 2 sUwuU anaguaunsadedulathnimwedufganungliseninusigean
LiiiAu 0.2 wnseedundl mnuge 0.3 wnsldegsdnsauazaonse Tnsszaznmeilnddian
seniwevluiaiudsinensdugnmundond 1 wazsanimuwindeudl 2 axfianriiu 0.13
WAsUay 0.19 WAsANEEU uenaniiedndunefidaduloldanlunaluifiouiudunis
Fwlaesnauruwuy A* Tunsdifinsuwsuiinnnouszlfduniiilnd i ostuns sanas iy
A* gzdimsiileszazanulasndysewingdafinuanefitnnndd Taean RMSE vaadunisiilaain
msdndulavesiiunuiuidunisandnianu A* luanmuiadend 1 Tanaduegil 0.484

weswagluanmuindeud 2 daadeusgi 0.542 wns

5.2  Ualdusuu

5.2.1  Tun1958Umumieanunsn g uee s ssUiuian e uaNtuNa N 5I93UAIY
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Abstract—This paper proposes an automatic navigation
mobile robot using Robot Operating System2 (ROS2) with low-
cost embedded hardware. Utilizing Data Distribution Service
(DDS) in ROS2 makes the ROS2 more safe and reliable than
ROSI. Cartographer and Navigation2 projects in ROS2 are used
for Simultaneous Localization and Mapping (SLAM) with 2D
LIDAR and navigation, respectively. Micro-ROS which utilizes
DDS for eXtremely Resource-Constrained Environments micro-
XRCE-DDS is used for communication between main embedded
computer and  microcontroller  replaces ROS  serial
communication which is less reliable. The experiments prove that
the robot can perform mapping and navigation tasks. A robot
can generate a global trajectory in a static map to the goal point,
can re-plan the local path in the local map area to avoid coming
dynamic obstacles during the mission and navigate itself to reach
the goal.

Keywords—ROS2; navigation; autonomous mobile robot;
micro-ROS; SLAM

I. INTRODUCTION

Nowadays, mobile robot with autonomous navigation
system is used in various works, such as delivery robot in
medical work and in industrial factory. Robot Operating
System (ROS) is a popular framework that is used in these
clever robots. ROS provides useful packages for autonomous
robot, such as mapping, localization and navigation package,
also provides useful tools for robot development. Using ROS
simply the autonomous robot invention. Recently, ROS has
been improved to the new version which is called ROS2 and
the original ROS version is called ROS1. ROS2 is designed to
support real-time robotic systems and, increase reliability and
enhance safe data communication [1]. These results come
from utilizing Data Distribution Service (DDS) which is an
industrial-standard communication middleware [2], in ROS2.

For automate driving, ROS2 provides tools for developed
and evaluate performances of the autonomous mobile robot, for
example, remote control, remote monitoring tools and
simulations. The important part of autonomous navigation
robot is Simultaneous Localization and Mapping (SLAM)
which obtains data from sensors, such as LIDAR laser scan
data, sonar distance and depth cameras data to build a map and
localize the robot in the map. In this research, Cartographer is
used to generating a 2D grid map for robot navigation.

978-1-6654-4346-3/21/$31.00 ©2021 IEEE

Jittima Varagul
School of Manufacturing Engineering
Suranaree University of Technology
Nakhon Ratchasima 30000, Thailand
Email: jittima@sut.ac.th

In this essay, we have invented a differential drive mobile
robot with cheap hardware. The robot has Raspberry P14 RAM
4 GB as the main processor, YD Lidar X4 Laser scanner as a
data collector, Motor with encoder and use Raspberry Pi Pico
RP2040 microcontroller as motor controller unit.

This article is structured as follows. Section II explains
methodology which is the details of design, system
organization and software components. Experiments, results
and analysis are in section I1I followed by the final conclusion
in section IV.

II. METHODOLOGY

A. Mechanical Design and hardware architecture

The robot is divided into three layers to contains all
components. The top plate supports LIDAR. The mid-plate and
bottom plate support Raspberry Pi4 computer and Pi Pico with
motor driver board, respectively. The design from Fusion360
software is in Figure 1.

___— YDLIDARXs

Raspherry P

Mot driver.
Pi camera V2

Wheel ~ Raspberry Pi Pico

Motor 150 rpm

Figure 1. A design of robot.

The selected motor is 150 rpm without load, torque 1.8 kgf-cm
and there is quadratic encoder built-in with it. It is used with a
wheel which has diameter of 85.1 millimeters. Both wheels are
attached at the front of the robot and there is a caster ball locate
at the backward of a robot. The Raspberry Pi camera v2.0 is
installed in the front for surveying.

B. Elecronic devices integration

Electronic devices consist of the computer, sensors,
microcontroller and motors of robot. Details of these devices
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are in the following. Figure 2 illustrated the hardware
architecture of the robot.

The computer used is Raspberry Pi4 RAM4GB with
64GB micro SD-card. It has 40 GPIO pinouts. It is the main
processor for robot. LIDAR, Pi camera V2.0 and Raspberry Pi
Pico microcontroller connect with it.

The microcontroller used is Raspberry Pi Pico with
RP2040 chip. It has dual cores ARM Cortex-M0+ processor
with 264KB on-chip SRAM, 2MB onboard QSPI flash and 16
PWN channels. Pico waits for command from Raspberry Pi to
control speed of motors and wait for pulse signal from wheel
encoders then publish it to Raspberry Pi.

The LIDAR used is YD Lidar X4 which has minimum
and maximum ranges are 0.12 to 10 meters. The scan
frequency is 6-12 Hz. and 360 degrees scan angle. YD Lidar
X4 provides a separate data transfer and power supply USB
port which allows users can power the LIDAR with an
external power source separately from Raspberry Pi. YD
LIDAR X4 requires 12800 bps communication baud rates to
work properly.

YD Lidar X4 ‘ =

‘lﬁ SV = Right encoder |
12V [ ] sV 1
Voltage step ) Pi camera
| em | Raspbesny P | V20 -
P l Right wheel
i

PC Notebook

1
R»“x;:j:? H }_. Motor driver 12v

/-
Left wheel

5V =={ Left encoder

Figure 2. Hardware architecture.

The motor requires 12V power and a built-in PICI6F
quadrature encoder which requires 5V power supply. Motor’s
rated load torque and rated load speed are 1.8 kgf-cm and 112
+ 12 rpm. Gear ratio is 30:1. Motor’s power supply is from a
3S LiPo battery.

C. Robot Operating System2 (ROS2)

Robot Operating System 2 (ROS) is the second generation
Of ROS. ROS2 builds upon Data Distribution Service (DDS)
[3]. ROS2 is cleaner than the older version [4]. DDS provides
distributed discovery feature (not centralized in ROS1) that
allows each ROS2 node can discover each other without ROS
master and DDS make ROS2 support real-time operation. [3]
propose comparative data about capabilities and performance
of ROS2 over ROSI, such as data transmission, supported
platforms, Quality of Service (QoS), number of threads and
real-time characteristics. ROS2 provides navigation2 and
cartographer package which is relevant packages for mobile
robot navigation.

ROS navigation2 can be applied in the autonomous
navigation mobile robot to find safe way from A to point B. It
consists of package for localization, path planning, dynamic

obstacle avoidance and etc. Require input for navigation2 are
robot’s TF (transform) which explains the relative of the
reference frame of robot, robot odometry data, sensor data
source and map. Then, it will send out the motor’s velocity
command to control robot [5].

ROS2 used is ROS Foxy Fitzroy which is compatible with
Ubuntu 20.04. ROS2 will be installed on both PC (Ubuntu
20.04) and Raspberry Pi4 (Ubuntu mate 20.04).

D. Micro-ROS (ROS for micro controllers)

Micro-ROS is ROS for microcontroller. Micro-ROS
allows microcontroller can use all major core concepts of ROS
with C or C++ programming. Client API of micro-ROS in
MCU based on ROS2 client library [6].

Even DDS implementation is lightweight, but the memory
footprint is still large too much to bear in embedded systems
[9]. This problem leads micro-ROS to use micro-XRCE-DDS
(DDS for eXtremely Resource-Constrained Environments)
middleware by eProsima which is a middleware for embedded
systems. It supports WiFi, 6LoWPAN, Bluetooth, serial
transport and UDP communications. Micro-ROS is supported
by RTOSes, FreeRTOS, Zephyr and NuttX. In this paper,
micro-ROS will be added to Raspberry Pi Pico to create
micro-ROS node in Pico which waits for the command from
Raspberry Pi to control speed of motor and obtain feedback
from encoders.

E. Mapping with Cartographer

Cartographer is an open-source package for real-time
simultaneous localization and mapping (SLAM) from Google
for various sensor configuration and platforms in 2D and 3D
[7]. Cartographer uses graph optimization algorithm which use
lower computing resource than particle filter method [8].

F. AMCL and Navigation

ROS?2 navigation stack provides AMCL (Adaptive Monte
Carlo Localization) package for localization which use map
data, sensors data and odometry data from robot with particle
filters, Monte Carlo Localization (MCL) and Kullback-Leibler
Distance (KLD) sampling method to estimate pose of robot in
an environment [10]. The number of samples will be chosen
by KLD using consideration of uncertainty [11]. The number
of samples influences the efficiency of particle filters. AMCL
will scatter particles randomly in map. When the robot moved,
the particles will move together. The particle which matched
the sensor data will obtain the higher weight than others. The
process occurs repeatedly and the particles will gradually
converge to the actual robot position over time [12].

In this paper, grid-based map is used to represent or
model the environment of robot. Map data is a static map. It
will be taken by path planner to generate trajectory for robot.
ROS2 divides path planner into global path planner and local
path planner. The global planner will generate path for known
obstacles over a map. Nav2Fn is a plugin for global planner in
ROS 2 which use A* or Dijkstra’s algorithm. The selected
algorithm is A* algorithm which is more efficient algorithm
for finding the shortest path than Dijkstra’s algorithm [13]. In
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local path planning, local planner is used to avoiding dynamic
obstacles which there is no on map. The selected local planner
is DWB local planner which is the upgraded version of DWA
local planner in ROSI.

III. EXPERIMENT AND RESULTS

A completed robot for testing in shown in Figure3.
Laboratory area is testing environment. Testing are map
generation test and navigation test.

Figure 3. A completed robot.

A. Map generation

A robot was controlled by teleoperation from PC to explore
the area. Cartographer used odometry data, and laser scan data
as input for map generation. After process, result map is shown
in Figure 4. The black area is walls and white area is space.
Map size is 448x343 pixels. It consist of, .pgm and .yaml file
which are the map picture and map description file,
respectively.

L=
Figure 4. Map from exploration.

B. Navigation test

We divided navigation test into two parts, navigation in
only static map test and navigation in static map with
unknown or dynamic obstacle. During navigation, Rviz2, a
software for 3D data visualization in ROS2, was used to
visualize the data and send navigation goal to a robot.
When navigation2 is activated, a map which obtained in
prior was called and used to create global cost map and
local cost map as shown in Figure 5. Planner in ROS2 uses
global cost map to plan trajectory of a robot until the end
of operation and uses local cost map to plan trajectory of a
robot to avoid coming obstacle. Local cost map is only a
small area around a robot. We used only 3x3 meters local
cost map. Selected position tolerance of navigation goal in
Navigation2 controller parameters of x and y coordinates
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is 25 centimeters and a robot footprint radius is 15
centimeters

Figure 5. global and local cost map.
We set start point of the robot in boundary as in Figure 3 and
sent navigation goal to a robot. This point is the same for all
test cases. After it obtained a goal point, it generated a global
path as in Figure 6 and started moving.

(©)
Figure 6. (a) A robot start moving. (b) A robot followed path.
(c) A robot approached to destination.

Above figures illustrate a moving of robot follow a path from
global planner without unknown obstacle. When we added
new unknown obstacles to the map, a local planner plays an
important role. When a robot detected unknown obstacles.
Local planner tried to generate new trajectory in local area to
avoid obstacles as in Figure 7. Compared to Figure 6(b) the
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yellow arrow in Figure 7(b) points to new added dynamic

obstacles.
(b)

Figure 7. (a) A robot started moving to goal. (b) A robot tried
to avoid unknown obstacles.

From 5 times testing in both navigation case, the results of
position and travel time of a robot in each navigation case are
shown in Table I and Table II.

TABLE L. POSITION ERROR OF GOAL AND MOVING TIMES OF ROBOT IN
STATIC MAP WITHOUT UNKNOWN OBSTACLES.
Position error
Experiment Times [s]
x [em] v [am]
1 830 -2.54 14.63
2 0.72 -3.39 14.42
3 11.88 -14.01 14.60
4 542 -7.01 15.03
5 845 -12.17 14.93
average 6.96 -7.82 14.72
TABLE I POSITION ERROR OF GOAL AND MOVING TIMES OF ROBOT IN
STATIC MAP WITH UNKNOWN OBSTACLES.
Position error
Experiment < Jor] Fulan] Times [s|
1 1.39 457 15.62
2 6.79 691 15.77
3 597 14.99 15.99
4 2.60 9.85 15.59
5 5.21 11.80 16.09
average 4392 9.62 15.81

A robot can automatically navigate itself to destination
without collision. A robot can detect unknown obstacles and
re-plan the trajectory in local cost map to avoid all obstacles.
With the dynamic obstacles, a robot took a longer time to
reach the destination. A maximum of goal position tolerances

is 14.99 centimeters in Table II which is in range of defined x
and y goal tolerances.

IV. CONCLUSSION

In this article, a design, software system of an autonomous
navigation robot based on ROS2 with low-cost embedded
hardware is presented. ROS2 and micro-ROS is implemented
in embedded computer and microcontroller of robot. A vehicle
is capable of Teleoperation with command from PC, Mapping
with Cartographer, Localizing with AMCL and Navigation
with Navigation2 project. Selected algorithm for global path
planning is A* algorithm and selected planner for local path
planner is DWB planner. A robot can navigate to the goal,
avoid the dynamic obstacle in a map and reached the goal point
successfully with acceptable x and y position tolerances. The
maximum tolerance of goal position is 14.99 centimeters.
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Abstract—This work aims to propose the use of deep
reinforcement learning for mobile robot navigation and obstacle
avoidance in previously unknown areas or without pre-made
maps with continuous action control to increase the capabilities
of mobile robots beyond conventional map-based navigation.
Deep reinforcement learning is used to enable the robot to learn
how to make decisions and interact with the environment
observed from sensor data to safely navigate itself to its
destination. The robot has a two-dimensional laser scanner,
ultrasonic sensors and odometry sensor. Deep Deterministic
Policy Gradient, which can function in continuous action space,
‘was chosen as the deep reinforcement learning model. The robot
is trained and tested in a Gazebo simulator with Robot
Operating System. After the training process, the robot is put to
the challenge to complete a waypoint navigation mission in four
unknown areas as part of an assessment. The results indicate
that the mobile robot is adaptable and has the capability of
traveling to the specified waypoints and completing the job
without the need for a pre-drawn route or an obstacle map in
unidentified environments with the minimum success rate of
69.7 percent.

Keywords—deep  reinforcement learning; — autonomous
navigation; DDPG

1. INTRODUCTION

Navigation is one of the key abilities of autonomous
mobile robot; it enables the robots to operate in an unknown
or partially known environment; where the robot can react to
static obstacles or unpredictable dynamic events [1]. The
general aim of navigation is to identify the proper path from
the starting point to the target point by avoiding obstacles.
Robot navigation is a complex technological problem.

In the past two decades, there are many proposed solutions
and techniques, One of famous approach is Simultaneous
Localization and Mapping (SLAM) is an algorithm process of
a robot, which involves perceiving the environment using
sensors and estimating the position of itself in the environment
simultaneously [2]. However, traditional map-based
navigation frameworks tend to have low computational
problems due to the large number of computational errors.
Additionally, the navigation performance of traditional map-
based navigation frameworks is dependent on the quality of
the world map. which is very sensitive to sensor interference

This requirement may limit the navigation system's ability to
handle unknown environments[3].

In the past few years, the rapid rise of deep learning and
deep reinforcement technologies has resulted in new ideas for
implementing deep learning or deep reinforcement leaming
frameworks that can learn navigation strategies directly from
raw sensor inputs. In [4-6] proposed the navigation system by
vision-based for mobile robots by applied deep CNN models.
The results show the navigation system is able to navigate the
robot in the unknown environments. In addition, the Laser-
based approach uses laser sensors to obtain obstacle data then
used deep reinforcement such as Deep Q-Network (DQN) to
learning method into the robot path planning. In [7] proposed

navigation system based on DQN reinforcement learning in
maze environment. The environment data obtained by LIDAR
sensor and defined one of the three states: move forward, turn
left and tum right possible motion the result shown the mobile
robot can move towards its target without colliding with
obstacles in unknown environments same as research can also
be found in the references [8-10]. The DQN reinforcement is
a technique designed for discrete action space Therefore,
DQN encounters problems when the action space is
continuous. One of solution is discretizing the action space.
This may work in some situation but cannot bring out the ideal
solution. Therefore, in this experiment we presented Deep
Deterministic Policy Gradient (DDPG) with mobile robot
navigation in unknown environment. The experimental results
show that the DDPG can make the robot complete the
navigation task without a prepared map.

II. PROBLEM FORMULATION

Problem-solving with DRL requires the problem set which
can work in a reinforcement learning framework. Three
important components must be specified are state space,
action space and rewards. In this study, state and action
referred to limitations of the real robot. More descriptions of
state, action and reward specifications are in the following.

A. State Space

In this study, the states of mobile robot were specified
from movement and sensor capabilities of the robot in Fig.1.
The robot is a differential drive model which uses two wheels
and motors to drive itself. Each motor has a quadratic encoder
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which can be the source of position and orientation data of the
robot. There is a 2D laser scanner inside the body to measure
the range of obstacles around the robot. In front of the robot,
there were three ultrasonic range sensors to detect some
obstacles which out of the detection zone of laser scanner.

Figure 1. Real robot model (Lapras robot) with all sensors, devices and
parts

The states were represented by the laser ranges (Sjaser),
ultrasonic ranges (S,;) robot’s heading (S;) and Euclidean
distance from the robot to destination (Sy). The laser ranges
were discretized to 24 ranges of data to reduce the
computational cost. The total number of states were 29 which
consists of 24 ranges data, 3 ultrasonic range data and 2
relative pose data. All states were observed in every step of
learning in the DRL algorithm.

B. Action Space

When we control a robot in real world, almost speed
command is continuous value. In order to achieve better
performance of the robot while navigation and smooth
behavior, the continuous action space was selected to control
the robot in this research. The action space consists of the
linear velocity and angular velocity of the robot. The limit of
the linear velocity was [-0.8,0.8] meters per second and the
limit of angular velocity was [-0.5,0.5] radian per second. The
outputs from the neural network will be restricted in both
ranges and sent to control the robot’s movement.

C. Reward Function

In deep reinforcement learning, the reward tells the agent
that the action a, gives good or bad results when it is in state
s¢. Definition of the reward (s, a;) function has an effect
on the performance of learning. The better reward function
can converge the policy rapidly. When the distance between
the robot and the goal point decreased, the reward of 1 score
was given but in opposite directions, the negative reward of -
1 score was given. When the robot collides with the wall, the
agent will obtain the penalty of -200 score but when the robot
can reach the goal, the reward of 200 score was given. In
addition, if the robot can maintain itself far from the wall more
than safety margin (d.,y, ), the agent will obtain the reward due
to the minimum distance from the wall measured by the laser
scanner. The summary of reward setting are as follows:

1 d,-d)>0
; _{ -0 M)

w71 (d,-d)<0

Vogry = € - (min(ranges) -d,) )

sm

—200 collision
collision = (3)

200 goal

The value of ¢, is a real number reward factor. The target
of the agent is maximizing these rewards and learns the
optimal policy.

III. ALGORITHM

A. Deep Deterministic Policy Gradient (DDPG)

In this study, the autonomous agent is trained using Deep
Deterministic Policy Gradient (DDPG) proposed in [11].
DDPG is an off-policy, model-free algorithm that is designed
for the environment with continuous action space. DDPG
adopts actor critic algorithm based on Deterministic Policy
Gradients (DPG) and deep Q networks to solve continuous
control tasks . The actor of DDPG uses a policy gradient to
estimate the policy of the agent and the critic uses Q function.
The networks for actor and critic are policy network and deep
Q network, respectively. Both actor and critic networks
consist of their target network. DDPG actor leams
deterministic policy () instead of a stochastic policy (m) like
other actor-critic algorithms. The deterministic policy maps
the state to one action and tells the robot how to move. After
the actor network select an action, the critic network will
evaluate an action with deep Q learning.

DDPG inherits the idea of using an experience replay
buffer and using target network from DQN variants and
adapted it to the actor critic framework. The replay buffer uses
to store states, actions, rewards, and all transitions. During the
learning process, the data from replay buffer is sampled to
train the network. It can reduce the instability of training due
to the correlation presented in the sequence of the state
observation . Using the target network is proposed in Double
Deep Q Network (DDQN) , which gives a better result than
typical DQN. The main steps of DDPG for robot navigation
in this research are explain as follows:

The first step, when the robot observed state information
(s;) from environment, the actor network receives the states
and returns the action (a;) from parameterized policy (ug).
Before action will be sent to the robot, in continuous action
space, it is necessary to add noise (V') to action produced by
actor network to solve the exploration-exploitation dilemma
and prevent that a deterministic policy always selecting the
same action and hard to explore new actions. The popular
noise generator is Ornstein-Uhlenbeck random process [16].
With additional noise, the policy can explore new actions like
stochastic policy. The modified action can be represented by
the equation below.

a = ug(s) + W, @

After that, the new actions are converted into linear and
angular velocity and the commands are sent to the robot speed
control node. When the robot transits to new states, the
rewards and information of the next state are observed and the
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tuple of (s,.a,.r,s, ) is collected to the experience replay
buffer.

Next, A minibatch of K transitions is extracted randomly
and put into the network to learn and update the policy.
Extracted sample is input for the critic network to calculate the
state-action value (Q). The critic network’s parameters (6) are
optimized and updated by the minimization of mean squared
loss between target Q value and predicted Q value as
following loss function J:

K
IO ==Y (5,-0,(5,,0)* s)
K
where:
Vi =1+ 7 (8140 My (5,1)) (6)

The discount factor y usually close to 0.99. The update
equation for parameters of main critic network by performing
gradient descent is:

6«0-avyj@) (7)

‘Where a is learning rate of gradient descent. Then, update the
actor network using deterministic policy gradient:

Vo) ~ £2:%Q0(5,0) lszsyamutsp Vabip )5, (8)

Next, update target actor network parameter (¢') and
target critic network parameter (8). The parameter of target
critic network is updated by a method called soft replacement
as in the equation (9) which soft replacement parameter (7) is
much less-than 1(7 « 1). This means that target value is
delayed for changing which improves stability of leaming
[11].

0«10+ (1-1)0" ©9)

Similar to target critic network, the target actor network’s
parameter (¢’) can be updated by soft replacement as in
equation below.

¢+ -1)¢ (10)

All processes work repeatedly until the end of episode.
The episode ends when the robot collides with the obstacle, or
the time is up. After one episode end, new episode begins
again until the number of episodes reaches the defined
maximum episodes.

Critic Network Actor Network
Input (5) 29 Input (@) | 2 Input (5) 29
[Ciresiwoirms | [ it | [Cieeriooimn ]

Linear | 300 | Rett Linear | 300 | RelU.

Output (a) | 2| Tanh

Linear | 300 | ReLU,

Linear (Q) | 1

Figure 2. Network architectures of (left) critic and (right) actor networks

B. Network Architectures

In this study, the DDPG network consists of two actor
networks (main and target network) and two critic networks.
All 29 inputs of state are passed to the model. The proposed
architecture of the networks is shown in the Fig. 2.

In the critic network, the input state is connected to two
hidden fully connected layers with 400 and 300 neurons,
respectively. The input action is connected to 300 neurons
fully connected layer and it is concatenated with the previous
layer before the estimation of Q value. The input action of the
critic network is generated from the actor network with two
hidden fully connected layers. The output from actor network
is processed by Tanh activation function. Outputs are
converted to linear and velocity of the robot.

IV. EXPERIMENT AND RESULT

In this paper, the training and evaluation processes were
performed in simulated environments. The selected simulator
was the Gazebo simulator which fully supports programming
with Robot Operating System (ROS). The robot model that
was created refers to the real robot in Fig.1 with all the sensor
plugins. The agent was trained in one training environment but
was evaluated in four different unknown fields.

A. Training Process

% Wall bole

o, ©

Figure 3. The 3D model and simple dimension of stage for the training
process

The training stage is a 6.0 m X 6.0 m X 2.5 m room as
shown in Fig. 3. There was the various shapes of obstacles in
the area. There was a small wall hole in a side of the area to
disturb observations by laser scanner .The robot model is in
Fig. 4. The yellow part is the reference object for the ultrasonic
range sensor. The laser scanner is a blue part inside the body
of arobot. The maximum range of laser and ultrasonic is 12.0
m and 1.0 m, respectively.

Figure 4. (left) The robot model and (right) virtual environment in
Gazebo
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Rewards

The neural network programming framework is PyTorch.
The simulator was run on Ubuntu 20.04 with Nvidia GeForce
MX250 graphics card and Intel Core i5 CPU. The training
finished at 3500 steps and the maximum step per episode was
60000 steps. The agent learned to navigate itself to reach a
random goal from the starting point which was set at the center
ofthe map (0.0, 0.0). The accumulated reward obtained during
the training process is shown in Fig. 5. And the average Q
value for every training iteration steps is shown in Fig. 6.

15000

10000

5000
0
-5000
-10000
-15000
0 500 1000 1500 2000 2500 3000 3500
Episodes
Figure 5.  Accumulated reward of traming process. The total
episode is 3500 episode which maximum step is 60000
steps per episode.
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Figure 6. Average Q-value of traning process in every leaming iteration
steps.

B. Evaluation

After the training, the robot was tested for navigation
ability in unknown environments. There were four testing
environments with different format of obstacle as shown in
Fig. 7. The task of robot was navigation following all desired
waypoints to complete the mission safely with only learned
policy from the training process.

©
Figure 7. Four different unknown stages for testing consists of

(a) test stagel. (b) test stage2. (c) test stage3 and (d) test
staged.

The robot was tested 200 times per stage and the mission
success if the robot can reach all waypoints. If the robot was
unable to reach all waypoints or missing only one point, the
mission failed. The success rates of autonomous navigation in
each stage are shown in Table I.

TABLE I. THE SUCCESS RATE OF NAVIGATION IN UNKNOWN STAGE

Stage Success Rate [%]
1 100.0
2 70.5
3 825
4 69.7

In open space as in the test stagel, the robot the success
rate of navigation is 100 percent. When the obstacle was
added to the field, the robot collided with the wall in some
rounds and cannot reach all target points. The robot moved on
with uncertain path and the decision was not the same. The
paths of a robot in each stage which obtained maximum
rewards are shown in Fig. 8.

The hard case of robot to make the decision was the case
that the destination point was in front of a robot, but it was
blocked by the wall. In this case, the robot may take more time
than in other situations for finding the way to detour the wall.
The sharp edge points in the path occur when the robot
stopped and turned back with the acute angle to change its
heading.
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Figure 8. Path of navigation of robot in all test stages. (a) stagel (b) stage2
(c) stage3 and (d) stage4

V. CONCLUSION AND FUTURE WORK

In this research, reinforcement learning is utilized for
autonomous mobile robot navigation in model-
free environment with continuous speed command control.
The robot model comes with a laser scanner, ultrasonic
distance sensors and an odometry sensor that provide state
information for the robot's decision-making. A modern deep
reinforcement learning approach called Deep Deterministic
Policy Gradient (DDPG) is used to instruct the robot in the
virtual world how to interact with its surroundings. After
training, a navigation task in uncharted areas was evaluated on
the robot, and it attempted to navigate in accordance with the
acquired policy using continuous values of linear and angular
velocity. The findings of the training and evaluation in virtual
environments demonstrated that even when the autonomous
agent was in an unfamiliar environment, it could learn to go
to specified waypoints without colliding with anything else
and find its way to the desired location. The minimal
navigation success percentage is 69.7%. Implementation and
assessment of the reference model, a realistic mobile robot,
will be the focus of future study.
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Abstract

In this work, we present the fusion of sensor data from Ultra-Wideband positioning sensor,
Inertial measurement unit and odometry from a laser scanner to achieve accurate and low
drift 2D localization data of the mobile robot for resource constraint hardware. The Extended
Kalman Filter (EKF) is utilized for fusing the data from measurement. The laser odometry
generated from the RF20 algorithm and the UWB raw data is processed to the position
coordinate by trilateration approach and is filtered by Kalman Filter before fusing in EKF.
The system is performed in two different environments, showing that the fusion approach can
give reliable and low drift pose data of the target mobile robot.

Keywords: robot localization, sensor fusion, UWB, mobile robot

1. Background/ Objectives and Goals
The localization problem is one of the challenges for autonomous mobile robot researchers
and developers. The positioning system is the primary key for successful navigation. For
outdoor navigation, the GNSS (Global Navigation Satellite System) technology is the best
positioning system and it can reach centimeter-level accuracy by using RTK-GPS (Real Time
Kinetic Global Positioning System). Unfortunately, this technology cannot be used for indoor
navigation due to satellite signal limitations. For indoor navigation, it is necessary to find
other solutions. The popular solution is Simultaneous Localization and Mapping (SLAM) but
this method requires the odometry data of robot to get high performance. Generally,
odometry can be calculated from the encoder data with the dead reckoning approach, but it
can contain high error by wheel slipping and accumulation of error from integration in dead
reckoning. In order to reduce the problem, multi sensor fusion is proposed to combine the
data from different sources of sensors to estimate accurate odometry. The odometry data from
IMU (Inertial Measurement Unit) [1], VIO (visual inertia odometry) [2,3] and Laser

odometry [4] can be used to fuse by state estimation algorithm like EKF (Extended Kalman
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Filter). In addition, to reduce the accumulation of errors in odometry, the data from an
absolute positioning system such as UWB (Ultra-Wideband) technology that operates
similarly to GPS is used for fusion. The UWB positioning system uses radio signals over a
wide range of frequencies, each with signal having a very short wavelength, allowing for
precise positioning. [5] proposed to fuse UWB positioning data with IMU and got reliable
path tracking but using wheel odometry still have hazardous for slipping in some surface.
[6,7] proposed to use UWB positioning with visual inertial odometry and can obtain smooth
localization system without cumulative error in the global frame, but the visual inertial

odometry requires high computational resources and high-quality camera.

In this paper, we focus on the positioning system for indoor mobile robot by using sensor
fusion algorithm with UWB positioning sensor, IMU and 2D laser odometry which consumes

low computational resources to get accurate pose data with low drift and cumulative error.

2. Methods

In this research, three main sensors are UWB sensor, 2D LiDAR laser scanner and IMU. All
these sensors were integrated into the mobile robot which is shown in Fig. 1 and Fig. 2. The
selected LiIDAR is YDLIDAR TG30 which has a maximum range of 30 meters around itself.
It was installed inside the mobile robot. The selected UWB module is the low-cost DW1000
module which is mounted on the ESP32 microcontroller. The UWB modules are divided into
two types, the anchor module and tag module. The tag module was installed on top of the
mobile and the anchor modules were mounted on the base station. The selected IMU is
Adafiuit 9DOF IMU which has the FXOS8700 3Axis accelerometer with magnetometer and
the FXAS21002 3 axis gyroscope.

Fig. 1: The mobile robot for research

In addition, the robot has wheel encoder sensor on two sides of motor but did not fuse in the
localization algorithm. The Robot Operating System2 (ROS2) is utilized for system
development to operate the robot and integrate all sensor data with localization algorithm.

The high-level computer is Nvidia Jetson Nano Ram 4GB and the low-level microcontroller
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is Teensy4.0 600 MHz ARM Cortex M7 microcontroller.

2.1. UWB Positioning System

In order to obtain position of the tag module on the robot, the principle of the measurement is
similar to the satellite positioning system. The multiple anchors were arranged in the area
with known location. The ESP32 microcontroller which is in the tag module can obtain the
range information from tag to all four of base station by time difference of arrival (TDOA)
approach. When range measurement between tag and anchor is available at least three
anchors, the tag’s location can be estimated by trilateration algorithm [8]. Suppose (x;, ¥;)
denotes the x and y coordinates of the n anchor (n = 1,2, ...,n) and the coordinate of the tag
is (x¢, y¢). The 2D distance between each anchor and unknown tag can be calculated using
the following expression.

dF=e; — x) %k G =v1)? 1
The equation of trilateration-based least square for finding tag coordinate is as follows.
X6\ _ (AT A\-14T
(yt) = (ATA)ATh @)
Where,
206, = x3) 2(y1—x3)
A= 3 g 3)
201 = x)  2(y1 — xn)
And
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i —di+xi—x3 +y} - y3

b= 4

di—di+x}—xz+yZ—y2

After calculation, the result of coordinate point may have high noise and deviation. In this
paper, the Kalman filter is used to track the position of tag module and reduce the noise
position. Kalman filter is used to estimate to the state of a system at time k (%) by using the
knowledge of prior state at time k — 1 (X, ) as in the following formula.

Ry = FRpq + Bge—q + Wiy ®)

Where F is the state transition matrix, B is the control input matrix and wy, is the dynamic
system noise. The state transition matrix refers to 2D dynamics model and kinematic equation
of mobile robot. The relation matrix of mobile robot’s position (x,y) and velocity (x,y) can
be written as following.

1
1 0 At 0[%k1 S(4e)? 0
0 1 0 Atf|Yk1 1 Xy
=10 o /1" 0 M|t ()Emw[£ﬂ+W* ©)
. At 0
00 01 -
V-1 0 At

The error covariance matrix in prediction state(Py ) is predicted by the equation as follows.
Pg =FP FT+Q ™
Where Q is the process noise covariance in prediction step of Kalman filter.

After the prediction step, the measurement data from the UWB sensor is added to the process
to correct and update the estimation. In the update step, the Kalman gain (K}) is calculated
from transformation matrix (H) , previous estimated error covariance matrix and the
measurement noise covariance (R) as in the following equation.

Ky = P HT(HP HT +R)™* ®)

In order to use measurement data to update the estimation, the Kalman gain and measurement
model are added to the update equation as follows.
R = R +Kp(z— HY ) €))
Where,
Z = HXp + vy (10)

In this process, the updated error covariance matrix(P) for next time step is calculated as
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follows.
P = (I - KeH)Pg (11)

With the Kalman filter, the noise of position estimation was reduced. The filtered position
data is sent to the Extended Kalman Filter (EKF) based sensor fusion algorithm to get
accurate location of mobile robot.

2.2. Laser odometry

In this paper, the odometry data from laser scanner is utilized instead of the odometry from
wheel encoder which is prone to inaccurate overtime due to wheel slipping. The RF20
(Range Flow-based 2D Odometry) approach which proposed by [4] is used to calculate the
pose and velocity of mobile robot. The RF20 is a lightweight and robust algorithm which is
compatible with our robot that has resource constraints. The RF20 performs with high
performance in general environments but in some environments with low feature of reference

and high laser noise, the RF20 can give low accuracy odometry.

2.3. Sensor fusion

Sensor fusion is a method to combine data from multiple sensors to estimate the highly
accurate state of system with low noise. This paper applies the EKF (Extended Kalman
Filter)-based sensor fusion algorithm to fuse the position from UWB sensor, velocity from
RF20 odometry and the orientation from IMU to get accurate pose data of the mobile robot.
The input from UWB is absolute position data. The input from RF20 is the linear velocity
and angular velocity and the input data from IMU is yaw angle around the normal axis. The
state vector of robot consists of position (x,y), orientation (¢) and velocity in linear and

angular type (v, ). The motion model of estimation can be written as follows.

10 0 0 0q7%k-1 cos(¢p) At 0

010 0 0]V 1] Ism(¢>)At 0 ,,k "
2e=lo0 0 1 0 0[drs ]+wk1(12)

00 0 0 Of|Vk-1

0 00 0 0'lwg—y

In the EKF, the H matrix is replaced by the Jacobian matrix H; to linearize non-linear

function. The calculated Jacobian matrix from the motion function is shown as follows.

1 0 -vsin(¢p)At cos(¢p) At
H; = g % vcosgqb)At sin(c([))) At (13)
0 0 0 1

There are three observation sources from UWB, IMU and laser odometry. The observation
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model of the UWB filtered point data and measurement matrix (h) can be written as follows.

Zy =H3?k+vk (14)

_ Xuwb
huwb - [)’uwb] (15)

[ 00 0 0,
Zy = [0 10 0 0] Xy + 127 (16)

The observation model of laser odometry is similar to the form of UWB but the input data is

linear and angular velocity of robot.

1% ;
hiaser = [wl;;iee;] (17)

[0 0 0 1 0]
Zy = [0 00 0 l]xk‘l'vk (18)

The observation model from IMU is yaw orientation of IMU from Madgwick’s filter [9] can
be written as follows.

haser = [Pimal (19)

z,=[0 0 1 0 0% +v (20)

The predict state of EKF is similar to common Kalman filter but the state equation and

process noise covariance update of prediction is linearized using the Jacobian matrix as

follows.
Bg = HiPH] + 0 @1

The update equation in EKF update step are as in follow.

K = Py HT(HP;HT + R)~ (22)
.fk = fk_ + Kk(zk - ka_) (23)
Py = (I - KeH)Pg (29

3. Experiment and Results
In the experiment, the mobile robot was tested in two environments. The first environment is
simple environment in square room with size 8 X 4 X2.5 m. The second environment is in a
place that is more complicated than the first. Fig.3 and Fig.4 illustrate the first and second test
environment, respectively.

3.1. Experimental Setup

In both test fields, there are 4 UWB anchors installed around the place in rectangle shape

with known coordinate point. When the power of all UWB modules is on and the transceiver
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is activated, the ESP32 microcontroller which is attached to the UWB tag can obtain the
range data between all anchor and tag. These data will be calculated to the pose of robot and
filtered by Kalman filter before sending to fuse with data from other sources. The software is
divided into small nodes. Each node has its own responsibility, but all nodes can exchange
data between the nodes using data distribution service (DDS) in ROS2. When all sensor
nodes and control node calculation nodes are ready, the robot can move to the target point for
testing. In the first environment, the coordinate and arrangement of UWB base is shown in
Fig. 5. The starting point of mobile robot in the UWB frame is at (x = 1.2, y =2.4). The
robot was controlled by teleoperation to the desired point. After the robot stops in each point,
the real pose data of robot from real measurement were recorded to compare with the
measurement data from sensor after the mission of robot is finished. In the second
environment, the test procedure is similar to testing in the first environment, but the second
test field is in a larger area and there are objects and areas which can reduce the performance
of RF20 odometry estimation. The coordinate of the UWB anchor is equal to the points in
first environment. The starting point of robot in second environment is at (x = 1.8,y =
0.9). In order to collect data, the ROS2 bag is utilized to record all topics for post processing.

Fig. 4: Test environment2 (complex)
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Fig. 5: Anchor and starting tag coordinate for testing.

3.2. Result
From testing, the comparison of mobile robot pose data from each source in each

environment is shown in the Fig. 6 and Fig. 7.

* UWBRaw data
Wheel Odometry

——RF20
- = =Referance Path
—

X(m)

Fig. 6: Position of a robot from each source in environmentl

In the first simple environment, the odometry from RF20 looks closely to the actual
reference path and is more accurate than the fused odometry with EKF. The odometry
from wheel encoder is highly drifting. In the plot, the area that raw data point from
UWB is highly dense is the area where the mobile robot stops around 10 seconds and

turns to the next waypoint.
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Fig. 7: Position of a robot from each source in environment 2

Fig. 7 illustrates that in the second test environment, the performance of laser odometry
from RF20 is reduced by the noise of measurement and surrounding complex scene.
Both laser and wheel odometry drifted over time but the pose from EKF fusion can still
maintain the position of robot close to the actual reference path. All results show that the
fusion of sensor data from IMU, laser odometry and UWB sensor can give reliable pose
data and reduce odometry drift problem. The result of error of estimation in both

environments are shown in Table 1.

Table 1: The error of robot position estimation from testing

Position Error [cm] Environment 1 Environment 2
Value / method RF20 Ozﬁ‘:tlly EKF RF20 oxfiy EKF
Average Jetfl 4.20 12.66 7.10 16.99 7.65 7.22
Mox. [l 16.27 38.91 2620 50.45 36.40 15.84
Min [cng 0.72 0.20 131 036 0.22 1.22
Std dev. [cm] 3.39 11.31 6.77 16.52 8.55 3.55

4. Conclusion and Future work

This paper proposed the EKF-based sensor fusion of position data from UWB sensor, the
orientation data from IMU and the laser odometry data from the RF20 algorithm to obtain
pose data of mobile robot in an indoor environment. From the experiment, we can achieve the
fused data from the EKF that is close to actual reference path and has low drifting. Future
work will focus on implementation of this approach with the mapping and navigation of the
mobile robot in complex area such as industrial plant with the industrial grade autonomous
mobile robot to prove the performance of the system in real application and improve it again.
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Abstract

Industrial mobile robots are one of the most common handling equipment in manufacturing.
It is a way of increasing production efficiency while significantly reducing operating coast
and facilitating because of the inflexibility of the Automated Guided Vehicle (AGV) with
regard to modifying the robot’s route. Because the AGV commonly uses magnetic tape
embedded under concrete to create a path for the robot. When changing the route or adding
the production line, need to destroy the area to reengineer causing an increase in spending.
Therefore, Autonomous mobile robots respond to the problem involved with Simultaneous
Localization and Mapping (SLAM) techniques, it can be used to located and create Maps.
And AMR moves according to maps and localization, it causes the main features is the
flexibility to change routes. In this research will present various systems and usability of
AMR for material handing in an industry.

Keywords: Industrial mobile robot, Automated guided vehicle, Autonomous mobile robot,
SLAM

1. Background/ Objectives and Goals

Automated guided vehicles are becoming one of the most common smart handling tools in
the manufacturing industry. Nowadays, Industrial plants prefer to use Automatic guided
vehicles (AGV) to transport materials from warehouses to target points to wait for the
production process, the AGV has been designed to be more efficient in the industry. [3,6,7]
AGV working principle uses magnetic sensors to detect magnetic tapes under the concrete
floor. Use computer principles to control the AGV to follow the route created, which can be
customized according to work requirements. Some AGVs use QR codes instead of Magnetic
tape [1]

It is impossible to deny that one of the main points of the AGV is routing. Sticking magnetic
tape or QR codes on the ground provides a fixed route. It is difficult to change the route if
you want to change routes or add routes, you must destroy the ground to dislodge the system.
There will be a supplement in each case. It is hard to Computer programming and time-
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consuming to edit. When the AGV is used for a long period of time, the magnetic tapes or QR
codes degrade. AGV performance declines and faults may result.

The main problem with implementing AGV is its inflexibility. If an industrial plant wants to
change or add a production line, it will need to repair the whole system. This increases the
cost; therefore, the Autonomous Mobile Robot responds to the problem involved. The main
characteristic is the flexibility to change the route. The aim of the research is to present the
application of AMR in industrial plants.

2. Methods
2.1.System architecture
Fig. 1 illustrates the shape of robots that our team created together with the company. It has
the following Important Components: There are Navigation Sensors installed in front and
back of robots. There are safety sensors installed both in the front and back of the robots. Our
model has a Monitor used for control and Monitoring. There is a charger. Installed surround

Safety bumper. Fig. 1 shows the component of the robot.

£ A — Conveyor

GUI and Monitoring *

. |
Navigation
sensor

o
Navigation
sensor

Safety sensor

charger Safety Bumper
set around robot

Safety sensor
Fig. 1: Component of robot

Fig. 2 shows robot architecture consists of High level and Low levels. Low levels are used to
connect the sensor and actuator to data transmission with each other such as sending
orientation from the IMU command filter, feedback transmission of an encoder, and sending
commands on motor control. The High-level sections contam a user interface where the
algorithm resources are required to be processed. The queue for the robot is set up via GUI
and WEB Master and then the queue is then handled in the route planner process. First, we
check the robot state observer for other operations. The next step is the robot’s Pose checker,
which checks the robot for being in a position and orientation. Then the process is Dijkstra’s
Route Planning. Is an algorithm used to determine the path of the robot to get the short path.
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Finally, Path collinearity remover steps remove points in the same line. Then select the mode
of operation, AMR mode or AGV mode sends a command to navigation software.

Camera @

Fig. 2: Robot system architecture
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2.2. Hardware

The IMU is a multi-sensor device detecting acceleration, angular velocity, angle as well as
magnetic field. The small outline makes it perfectly suitable for industrial retrofit applications
such as condition monitoring and predictive maintenance. A sensor measures 3-axis angle,
angular velocity, acceleration, and magnetic field. Its strength lies in the algorithm which can
calculate three-axis angles accurately.

LIDAR sensor is a laser-powered distance sensing device with high accuracy in measuring
distance and can operate in low light or reflected light. A LIDAR sensor emits a laser beam at
an object and measures its distance by measuring the time it takes for the light to return after
reflecting on the sensor. LIDAR sensors are often used in research, robotics, and autonomous
vehicles. High-precision and highly efficient instruments are used in various science and
technology applications. LIDAR utilizes a range that rotates clockwise, enabling 360° full-
scan detection of the surrounding environment and producing a map of the area. The sample
rate of LIDAR directly decides whether the robot can map quickly and accurately. LIDAR
improves the internal optical design and algorithm system to make the sample rate up to 8000
times/second. Computers are important devices used for calculating large amounts of
complex mathematical data. The researcher used a computer with a CORE IS5 CPU.

A microcontroller is an electronic device that consists of a processor with memory and signal
amplifiers used to control and process data in various electronic systems. Microcontrollers

are used to control motion. Sensor Data Collection and data transmission. The researcher uses
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an ARM Cortex M7 32-bit 600 MHz. It is appropriate in terms of resources and processing
speed.

The servo motor is a device that converts electrical energy into mechanical energy for use in
the propulsion of the robot. It is precise and can control the rotation with high precision.
There is an electronic control system inside the motor to control the position and rotation
speed of the motor to be precise. The researcher used a 400-watt servo motor with a rated
speed of 3000 rpm.

A safety sensor is a device used to detect the status or movement of objects or people to
prevent danger or accidents. For the robot, it uses a 2D scanner for measuring the distance
between the sensor and its surroundings. Faster response, 66 mms, and can be connected to a
control system to trigger an alarm or stop it automatically. to prevent the danger that may
occur in various situations.

A bumper is a device that helps in matters of safety. The behavior of the bumper is like a
switch. When an object collides with the bumper, it sends an electrical signal to the robot to
automatically alert or stop working. The bumper is the last safety device that will work.
because it prevents the robot from colliding with the object. HMI and Web servers are part of
receiving commands for the operation of the robot and monitoring its operation. Including
information about the robot for users to know.

2.3. Odometry

Is the process of calculating the position or direction of a mobile robot. Using sensors
connected on the Robot body to measure rotational motion. Use the data obtained to calculate
the position of the Robot relative to the initial position. Odometry works well in highly
dynamic environments but in an environment of constant change, the data is not as accurate
as it should be. Therefore, SLAM (Simultaneous Localization and Mapping) is required to
increase the accuracy of the position of the robot or vehicle.

2.4. Mapping

Simultaneous Localization and Mapping (SLAM) is the process of locating the robot's
position and creating a map. It uses measurement data from the Lidar sensor to use its
surroundings to estimate a map of the robot's environment and movement. Collect data own
movement from Odometry and collects environment feature such as angles or block. Based
on detection by the Lidar sensor. The SLAM process requires mechanisms such as Extend
Kalman Filter (EKF) to update the data and estimate the degree of uncertainty of the robot's

position and data in the environment. This process continues while the robot moves to obtain
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information about the environment and can be used to create a map in the end. It works in
conjunction with the cartographer algorithm, which is used to create 2D maps by extracting
and removing important features. The Cartographer algorithm uses feature points detection
and tracking to extract functionality.[4]

2.5. Localization

Robot localization is the process of determining where a mobile robot is located with respect
to its environment. Localization is one of the most fundamental competencies required by an
autonomous robot as the knowledge of the robot's own location is an essential precursor to
making decisions about future actions. In Robotics research, Adaptive Monte Carlo
Algorithm is commonly used to create a map and direct the robot to the desired location
based on information from the LIDAR Sensor to calculate the probability that the robot will
be in that position. The algorithim employs random sampling to estimate the potential position
of the robot and uses this value to determine the direction of the mobile robot at each period.
In order to implement AMCL on mobile robots, to provide and comprehensive sensor data
must be prepared as required. and continuously update the robot model to improve the AMCL
statistical model over time. The statistical model uses data from sensors to estimate the
probabilities of the robot's current position. This model will be continuously updated as new
information is received.[2]

2.6. Navigation

Navigation in mobile robot is a process that enables the robot to move efficiently to the
desired destination. The ROS2 Navigation Stack is an important module for mobile robot
management. It consists of several modules which work together to enable the robot to move
efficiently and safely in its environment. In addition, ROS2 Navigation Stack is a versatile
tool that can be customized by adding or removing modules used in the Navigation Stack as
the case may be.[5]

2.7. Route Planning

Route Planning is the process of planning a route suitable for moving from the starting
position to the destination position. It uses information such as a Regions Maps, Destination,
Environmental information and other variables to plan a route that can move safely and
efficiently within a given environment. This Route planner uses the A* algorithm to help with
route planning in order to find the shortest way from the starting point to the destination.

2.8. Command System

The part of command system. At first, the user selects a task for the robot and adds that task

to the queue. Confirm the queue and enter the correct password. The task is sent to the robot
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then the robot functions depending on the order it receives. While running, the status and task
are shown on the monitoring menu when the robot has finished the task, it deleted completed
tasks from the queue. Next step is to store task information to the database and completed
tasks are shown in the history menu. (Fig. 3)

2.9. Safety System

The safety system is robotic collision sensors. There are two safety features, a safety sensor
and bumper switch. Safety sensors are connected to the front and back of the robot. The first
case, the robot moves forward with the front safety sensors if it activated the robot stopped
moving. The second case, the robot turns when one of the security sensors is activated and
the robots stops moving. The third case, the robot turns back if the back safety sensor is
activated the robot stopped moving. Another important case is the safety sensor is not
working. The robot collides with an object and the bumper switch activated then the robot
will stop working as well. (Fig. 4)

2.10. Data storage system

Is a storage device used for storage of various data. The objective is to store the information
in a secure form and can access information quickly and efficiently. Use Cloud Storage to
store data online. The collected data for example, all robot tasks, recording the number, date,
time and information on the task.
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3. Results

Data collection for creating maps uses a robot remote control method. By entering
teleportation mode, then activate the cartographer to enter map creation mode. And then
control the robot to move to every area we are interested in completely. In this research, the
area we have mapped is an area in an industrial plant. The scanned area was 70x25 m. (Fig.

5)

Fig. 5: The map for the testing
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a. Navigation

For navigation testing, the robot was tested in a real factory environment. The temperature is
32 degrees Celsius. Almost area is indoor condition but there are some factory gates between
the route and the robot’s LIDAR must face the sunlight from outside. The sunlight did not
affect the navigation of the robot due to the sunlight resistance of LIDAR. When the orders
are submitted, the route management or route planning system will send the overall route in
the robot’s lane to the navigation stack of robot. From testing, the robot can track the path of
navigation and can keep itself within predetermined lane. Fig. 6 illustrates the predetermined
route of navigation system and Fig 7 illustrates the example of robot during operation. During

operation, the green siren was power on the buzzer will have been activated.

Fig .6: Route of navigation system

qF m AL i

Fig .7: Robot during operation
In order to dock to the destination, the robot is necessary to stop at the entry point and
rearrange the orientation before docking and change the operation mode to docking mode.
Fig 8(a) illustrates the example of robot at the entry point and Fig 8(b) illustrates that how the
robot docked at the station. From utilizing the automated guided vehicle style in docking, the
gap between robot chassis and the station roller can be less than 3 centimeters and the
tolerance in longitudinal direction is less than 2 centimeters.
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Fig. 8: (a) The robot at the entry point of station (b) The robot after docking.

b. GUI and Web master

Fig. 9(a) shows the GUI screen on the robot. It consists of two parts. The first part, the touch
screen is used to add tasks in the robot queue and can be added the multiple tasks. After a
task is selected, press confirm queue and switch to auto. Then press run button, the robot
works as a function of the task in the queue. The second part, the switch part has a switch to
turn on and off the robot. Robotic operation mode selection button has two modes: manual
and auto. There is a run button to start working.

From Fig. 9(b) shows the web master as a website that is able to access the robot from
anywhere with a specific URL. When we login, we can order the robot’s queue via this web
master. Then the queue will to the robot’s screen. And then wait for confirmation that the
robot will keep moving.

(®)
Fig. 9: (a) the GUI on the HMI of robot (b) the GUI of web master on web browser

3.4 Safety
Testing the safety of the robot we tested it in a real environment. A total of 15 tests were

conducted, divided into tests according to the characteristics of the robot's motion, that is the
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robot moves, turns, and backs up. The results are 100 safety percentages. Tablel shows the
recording of the experiment.

Tablel. Result of safety sensor testing

Front safety Back safety
sensor sensor

Motion Test Result

v - Robot stops

- Robot stops
- Robot stops
- Robot stops
- Robot stops
Robot stops

Forward

Robot stops
Robot stops
Robot stops
Robot stops
Robot stops

Turn around

NN NN A AN ENEN

Robot stops
Robot stops
- Robot stops
5 - Robot stops
safety percentage 100%

Backward

AW =u|s (W] =S ] —

ANENENEVIRNENANENAVIEN

4. Conclusion

In this research, the main components of AMR are used for transporting materials into
Industrial plants. The main purpose of AMR is to transport materials from warehouses to the
various production lines of industrial plants. The results can be divided into several sections.
Regarding the collection of maps using the teleoperation mode by keep the size of the map
70x25m. The AMR can be located and navigate to different points on the map. Moreover, it
can receive commands from the user, both the GUI on the robot and web master, which can
be run from anywhere via a URL. The AMR motion safety system has been tested in several
cases. And the ability to prevent accidents by collisions around 100 percent. At the end of
each task, the data can be stored in database to analyze the efficiency or number or tasks
performed each day. The AMR developed by the researcher is actually used in industrial
plants. In the future, researchers will develop a more effective AMR that will work in
multiple environments.
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AN IMPLEMENTATION OF OBJECT TRACKING METHODS ON
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Abstract - Hybrid Classroom due to the pandemic of COVID-19, the key to success for a digital classroom of the Suranaree
University of Technology is broadcasting the teaching and learning activities onsite classroom via zoom application. One
problem about the students who take this classroom online can not meet their teacher because the integrated camera on the
classroom computer is stacked on the table in front of the class. The reason why there can not sense to teachers acts in the
classroom. This paper aims to implement the object tracking method to the pan and tilt manipulator, a camera integrated. The
results show that the three selected methods can achieve this task. The best accuracy for teacher tracking is the CSRT
method with an IoU of 0.77 at 410 x 308 pixels.

Keywords - Teacher Tracking, Object Tracking, Camera Tracking, Pan and Tilt

L INTRODUCTION

90°

Due to the pandemic of COVID-19, physical
distancing is the critical rule for university teaching o
and learning activities. Laboratories are essentials W

classes for the engineering education field. Online
classrooms are not the key to success for these cases. ﬁ
A hybrid classroom was selected. They are focusing

on large size industrial robot laboratories. These are

the essential laboratory for undergraduate students

who are majoring in a mechatronics engineering

curriculum. The teacher assistants need to use the

monitoring camera to present the movement of robots

and robot teaching situations. Sometimes the size of

the robot is a large size, consequenctly the detail of Vs
robot cound not be collected. 4

Side view

Due to the above problem, the aim of this research is
to develop the tracking base for teacher monitoring
camera. Real-time video will be used for image \
processing to achive the tracking task and will be

recorded for e-courseware stuff. By implementing the N 7
three onshelf tracking algoritm to the pan and tilt =~ o
angle base which paning by DC stepper and tilting by e

servo motor. Ton view

Figure 1:Operating Range of Pan and Tilt Angles
IL SYSTEM DESCRIPTION . ) )
There are three main components as in Fig.2. Using
A. Hardware configuration the robot operating system (ROS) network to be a
The range of the pan angle is from 0 — 360 degrees ~ server for data communication. Firstly, the image
. . , processing module are included with raspberry pi and
left to right and the tilt angle range is from 0 — 90 i camera. The second is the input command, this
degrees from ground to air as in Fig.1. module will help the user set the parameter for
tracking algorithm and starting the system.
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Image processing
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P . B Movement control
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Figure 2: Hardware Overview

Input command

Input Command will be sent to the image processing
module via ROS network. The tracking data is a
region of interest (ROI) from the user. After a user
created the ROI from the raw picture, the ROI data
will be sent to the image processing module for
making the decision. The making decision algorithm
was integrated into the Raspberry Pi 4 controllers.
Python programming was developed be a
computational module.  The last section, the
movement module, will be received the position
command from raspberry pi 4 to activate the pan and
tilt base. An Arduino mega controller was selected to
control these two motors at the same time. P-
controller is integrated into the stepper control
algorithm for stability movement.

B. Software descriptions

Robot Operating System(ROS) is commonly used for
the robot task framework to develop the software and
hardware related to the robots. They were using of
ROS Noetic version and Ubuntu 20.04 focal fossa as
the system environment. Python language is used for
algorithm  development. The imageprocessing
software is developed based on the OpenCV version
4.3. Moreover, the last section is motors controllers,
Arduino IDE, to create the P-controller programming
for stepper motor and servo motor controller.The
Arduino controller received the orientation from
previous software via ROS node and controlled the
motor simultaneously. The maximum range of pan
limit is -180 degrees and 180 degrees, andthe overall
pan angle is 360 degrees. P-confroller is the
optimized controller for use in this position control
case because the speed of the stepper motor to
achieve the task is still slow.

The system workflow of this system can be presented
as the flowchart in Fig.3.

1) The real-time picture, captured from pi-camera,
with desired quality of pixel. The more pixels of the
picture, the more processing time need to use in the
image processing period.A size of 410x308 pixels or
lower were selected to deal with. The captured
picture will be sent to the next node throughthe ROS
master server.

ROl Rol

ROS [

Raspbery Pi |

PC
node) [ Publisk (Client)

Servo_gostion Resuls
Sepper_povkion

i
H

mag

Camera node -
Ardumo MEGA 2560 ‘

A RN

Stepper motor Encoder Servo motor

Figure3:System WorkFlow

2) Processing node received the captured picture and
compared it with ROI from a user. In this case, we
selected the teacher as ROI for the tracking system
during the class periodby marking a blue square
bounding box. Three methods of tracking system
were implemented into this system, KCF, MOSSE,
and CSRT. For easy monitoring of the operation of
the image processing module, a square bounding box
is marked by green bounding box as in Fig.8.

Figure 4:Example of Target Selection

3) Using the mathematical equation to compute [6]
the centroid of the tracking object in vertical and
horizontal directions. Coordinate from this equation
will be the centroid of a tracking box.

4) If the center of the tracking box is not located in
the center of the camera frame, the pan and tilt
commands will send the movement angle to the
movement controller to respond to this situation. The
automatic control concept is to center the teacher in
the middle of the camera frame.

5) Movement Controller receives the angle data from
the ROS node and takes action to the pan and tilt
angle with each motor controller.
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Calculate the coordinate
of centroid and create
bounding box.

Maintain the position and
orientation of stepper and [
servo motor.

False
Control stepper
and servo motor.

Figure 5: Algorithm Work Flow

C. Object tracking method

The solution of the teacher tracking method has to
use the object tracking method. In this research, we
implement on-shelf object tracking algorithms to
perform this task. KCF, MOSSE, and CSRT were
selected for the accuracy test. This group of
algorithms usesa low level of computational cost.
KCF [1],[2] (Kernelized Correlation Filters) is the
object tracking algorithmthat uses the correlation
value to match the sample.In object tracking, the
correlation value between the ROI patch in the future
frame and the original translated patch will be the
highest. The KCF algorithm tends to be more
accurate than the MOSSE algorithm.

MOSSE [5] (Minimum Output Sum of Squared
Error) is the algorithm that used the MOSSE filter,
which can  discriminatebetween the ROI and the
background image. This algorithm performs well in
the change of rotation, light, brightness, and object
scale.The MOSSE algorithm tends to much faster
than KCF and CSRT,the accuracy less than KCF and
CSRT algorithm.

CSRT[3],[4](Channel and Spatial  Reliability
Tracker)is the objecttracking model which
improvedthe Discriminative  Correlation  Filter
(DCF)algorithm with spatial and channel reliability.
The spatial reliability map makes the CSRT can
adjust the filter size, which makes the CSRT model
better than the DCF algorithm and can handle non-

rectangular shape ROL.The CSRT algorithm tends to
be more accurate than the KCF algorithm but slightly
slower than KCF.

III. EXPERIMENT RESULTS

A. Evaluation method

For the method of testing the tracking method,
accuracy on pan and tilt angle manipulator. By using
the three algorithms mentioned in the previous
chapter. We divide the captured picture into three
parts of the experiment, including 205x154 308x231,
and 410 x308 pixels, respectively. The target moves
at the same track, and time is the controlled parameter
of this experiment. Then measuring the [7]
Intersection over Union (IoU) of each track is used to
determine the first accuracy of the tracking method.
IoU is one measuring value to measure the
intersection of area between the ideal frame and the
actual frame. The output value of IoUfalls into the
range of 0 to 1 (equation 1).

Intersection over union (I0U)

Intersect area Fi
Unionarea 0
< 2
Intersection Area Union Area

Figure 6: Intersection over Union (IoU)

If the value of IoU is higher and close to 1 is a sign
that the actual and ideal area is located in the same
frame. If the value of IoU is one shows that the
tracking area and the ROI area are located in the same
frame.

Ei S
= =
3 -
F :
P < 2
— > A L
Poor result Good result

Figure 7: Result of the Value of IoUvs. Accuracy

In the second accuracy test, the difference between
the actual frame and ideal is compared. In this test,
the Euclidean Distance Expression in Eq.2 for
measuring the distance between two centroids was
used.

d(x,y) = (1 —)* + (7 —¥2)* Eq.2
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On the other hand,compared withthe IoU value, the
value of the Euclidean distance must be closed to
Zero, the accuracy of the tracking method will be
better than others. For easy understanding of this
value, the percent of centroid error (C.E.) is
calculated by Eq.3.

doctuat — d;
C.E.= |octual ” Tideall ¥ 1009  Eq.3

dactual

B. Results

The result of IoU and C.E. of the experiment was
shown in Tables 1 and 2. The example of the tracking
method is shown in Fig.8. The red bounding box
represents the ideal ROL, and the green one represents
the actual one.

Actual

Ideal

Figure 8:Intersection over Union of the Actual and Ideal
Frame

From Table 1, The result shows that if the number of
pixels is increasing, the more accuracy in IoU.
MOSSE algorithm returns the highest value of IoU in
205x154 pixels condition. On the other hand, CSRT
returns the highest value of the IoU.

overall centroid error of each tracking condition not
over than 2% error. KCF returns the highest centroid
error in all conditions of image pixels.

Image Pixel Model C.E. [%]
CSRT 1.79
KCF 1.59
e MOSSE 030
CSRT 1.33
KCF L)
308x231 T T
CSRT 0.88
KCF 1.60
T MOSSE 1.16

Table2: Centroid error (C.E) Results
IV. CONCLUSION

This paper presents the accuracy testing result from
the three on-shelf tracking object algorithmsto the
teacher tracking task in the robot laboratory class in
university. The three selected algorithms are KCF,
MOSSE, and CSRT. By implementing the tracking
algorithm results to the pan and tilt manipulator,the
camera is integrated to track the teacher in a
laboratory.Stepper motor and servo motorare
integrated to control pan and tilt motionsfor centering
the ROI in the middle of the frame.The result shows
that the accuracy of the CSRT both in IoU and
centroid errorreturns the accuracy of IoU value of
0.77 and centroid error of 0.88 in a condition of
410x380 pixels. In conclusion, the CSRT algorithm is
the best choice in three selected algorithms to deal
with teacher tracking in the laboratory classroom.
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