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Unmanned Aerial Vehicles

At present, there is extensive research and development on Unmanned Aerial
Vehicles or drones, especially in the development of various forms of autonomous
drones. Within this field of research and development, one interesting topic is the
development of autonomous drones for indoor environment. This is because it
requires finding methods for drones to determine their own position without relying
on Global Navigation Satellite Systems (GNSS), which are used by autonomous drones
for outdoor environment. Additionally, the complexity of indoor environments
necessitates the study of methods that allow drones to work safely. Hence, this
research aims to study and develop autonomous drones specifically for indoor
environment, with the objective of developing a: positioning system within buildings
that works in conjunction with object detection and avoidance systems to be used for
drones.

Based on the objectives of this research, a study was conducted to find suitable
methods to achieve the research goals. Through this study, a method called
Simultaneous Localization and Mapping system (SLAM) was discovered, which works
in conjunction with an Obstacle Avoidance system that utilizes the Dijkstra algorithm.
In the SLAM system, the positioning of the drone is processed to be used in the drone's
autonomous system. Furthermore, the generates maps or environmental data around
the drone to be used in the Obstacle Avoidance system. And the Obstacle Avoidance
system use all this data to processed and create a safe flight path for the drone. From
this point, it is evident that the SLAM system for positioning and mapping is of great
importance. Therefore, this research employs two types of positioning and mapping
systems: Visual SLAM and LIDAR SLAM. The data from both types is processed using
the Extended Kalman Filter method to enhance the stability of the data.



This research divided the testing into three parts. Firstly, the positioning system
was tested using a semi-autonomous system. The testing was conducted in two
scenarios: one where both types of SLAM work normally to assess accuracy, and
another where one of the types fails to function to evaluate whether the Extended
Kalman Filter can filter out abnormal data and allow the system to continue
functioning. Secondly, the mapping system was tested by creating actual maps in an
easily observable area with reference points. The size of the generated map was
measured and compared to the actual area, using the reference points for accuracy
assessment. Lastly, the autonomous flight and obstacle avoidance system were tested
to evaluate accuracy in reaching the destination, maintaining the flight path, and
verifying the calculation and generation of the flight path. By conducting these tests,
the research aimed to assess the performance and accuracy of the developed system
for autonomous indoor drone operations.

The results obtained from the testing showed that the indoor positioning
system used in conjunction with the drone was able to work with high accuracy, with
average RMSE 3.877 centimeters. The system was also able to continue functioning
even if either the Visual SLAM or LIDAR SLAM had failed to function. The mapping
system demonstrated the capability to rapidly generate maps with an average error of
about 10 centimeters. In the autonomous flight system, the drone was able to navigate
to the target position accurately and safely, with an average error 9.559 centimeters.
The drone successfully created flight paths to avoid obstacles that were detected
whether they were initially present or added later. These results indicate that the
developed system for indoor drone operations achieved high precision and reliability
in positioning, mapping, and autonomous flight, showcasing its potential for practical

applications.
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Infrared Localisation for Indoor UAVs (Kirchner & Furukawa, 2005) launauanis
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JUN 2.1 dnwagnsinaaunsalinTadussddunisn (Kirchner & Furukawa, 2005)
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1 tan 3
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Y = Ztan® (2.5)
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The Interrogation Footprint of RFID-UAV: Electromagnetic Modeling and
Experimentations (Casati et al., 2017) WuenAe aﬁﬁ%miuiaﬁ Radio-frequency identification
(RFID) 1Uszgndldsaudiulasu o RFID Wuwelulagnisszydeyawuudnludfriunissu
ﬁ@mnmmﬁu%mq Iaeazdl RFID tag ﬁazﬂdaaﬁm@ﬂmﬂﬁu‘iwqﬁﬁ ”ﬂwmmawwé’fﬁwzgﬂ
tuiinielilugiudeya uaz RFID reader figsinisnsradudaaaingannifisuuuunss
pufignoudinly Frenisvirenusautuiasiilarinsnssynasuenuss RFID tag léaens
Faau Tnglunuisedesld RFID tag Aneliluvsnaidenislilasuihny uazayld RFID
reader Anolifulnsudaasiidnuaedsguil 2.2 Usznoufunsdoulsunsudiazszyliogs

FaauInilalasuiidl RFID reader m53amu RFID tag Aalnagsosiinisvinauegisls

gﬂﬁ 2.2 &nwalzn1sAns RFID reader uag RFID tag (Casati et al., 2017)
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'gﬂﬁ 2.3 Fiducial Markers 'g‘LJLL“U“UGi’N 9 (Claro, Silva, & Pinto, 2023)
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W uluau3 e 9 991 Automated Localization of UAVs in GPS-Denied Indoor
Construction Environments Using Fiducial Markers (Nahangi, Heins, McCabe, & Schoellig,
2018) ¢ Fiducial Markers wsldiiieliflasuanunsansunisvassiedaus1edean
Fiducial Markers Tnglusuadeilaviinsin Fiducial Markers srusunilslufiuiinaaou Tag
Fiducial Markers wiiagdu ¢ fdnuaisuaninaiy uazazgnialilugafignasydunid
wiueu M3szyiunisveslasuazilagnisldndosinlinlasu e lnsunsranudu
Fiducial Markers Tnsua1n15m51980U31 Fiducial Markers #insaanuiiu 10w Fiducial
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Y
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April Tag
5U7 2.4 Fiducial Markers (Nahangi et al,, 2018)

38115 UWB-Based Localization +Jw35n1s9ldsyuu Ultra-wideband (UWB) 141317
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szuUanlutRNelue1AIsUNINUNY Aeg1uludnuiie UWB-Based Localization for Multi-



UAV Systems and Collaborative Heterogeneous Multi-Robot Systems (Shule, Almansa,
Queralta, Zou, & Westerlund, 2020) 7ila¥1n151135A15 UWB-Based Localization 141311
Tlun1sszymunuslasunatggainsauiu 1ngdsn1s UWB-Based Localization 9218y
Bns7iegld UWB tag Feasvimthfivasedaaia UWB wag UWB Anchor 2 fawseunnni
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Anchor Anchor

gﬂﬁ 2.5 nMssvuiuvitesae UWB tag uaz UWB Anchor (Shule et al., 2020)

v
S a v

lnedyaurungnudegesnuniaziiveyadftyfe Lafidyyia UWB gnudsyeanin
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977 UWB tag til® UWB anchor lasudaaiunagvinnistuiinnand lasudyaiaienls
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o o v

Flight (ToF) w3anadyealalunisifiuns waziian ToF daggnihunmuwianetdusadl

Y

¥
= ! =]

5381119581319 UWB tag way UWB anchor aavineasldsailsveyrinatiannvanes) anchor
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wiugIUDe UWB tag

Micro Aerial Vehicle Autonomous Flight Control in Tunnel Environment (Shang
et al, 2017) TwainAdeillaiauenisldnulasudnludingluglus lnelddnaueinlunis
Tdulasudnludfenalidniudesdinisssudumisidanuansly Inglunuidedlaly
Wnslilasuimdeunuuusnlulfnieisnis Wall-following u3enaslilasuindounluniu

Aung Teenisldsanslataduirasiunisnsiagavaninninasusaulnsu Tun1svinauasls



TasusneszezrinaaInutazmnisulasuniaduszezaan wazaslrlasundsunliulu

Aansnnsasulinuasle o

7
. A
A A

gﬂﬁl 2.6 aNWarN1TYI19UT993I9n13 Wall-following (Shang et al., 2017)

Tuauise A survey on vision-based UAV navigation (Lu, Xue, Xia, & Zhang, 2018)
a o dy Y o ¥ v U va ¥ Va a ‘:4' a 1
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Simultaneous Localization and Mapping #3 & SLAM 1% %141u5 24 UsgUU Obstacle
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o 1 & . = [ 1 a vy o 1 Y |
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° a A . & | a ° o = v 4 o v
VUKUANIo Mapping agtludiuiiazyinnisnsiagevnaztuiinanimwinasu e luld
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M15297 2.1 A5UTEUTEUALAULAY IAADEUDILAALTENTT

Localization

Method Advantage Disadvantage
ansofanuwazlinulfedmng | bissusavhauldmniidiarns
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2.2 STUUIAIULRUDILATU
sEUUAAlUTAUDIlATUN 19I5 N15 SLAM ay Obstacle avoidance Wuagiinng
Uszuiananeniugesdiune @i 1 AuAunIsinauvedasy Wudunazyinn1ssnwl
@D ETNINVDILASULASYIN LA LASULAA BUT d2UT 2 @1uUseuIana SLAM way Obstacle
. [~ 1 QA' o a o 1 Ly A o 1
avoidance vJuguiazinsussuanaiiondunisdagtuveslasuluguuuuiisenin
Local position Aosunisnfigaaudidugaiilasudurinnu asunuiiniedeyadwindou

nTayain sy ihdeyaukuiuussinananiduniivaendy uazldtoyaunuinsoumn

'
v a
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doans TusdelidsweSundiui 1 11 Low level wazi3undiuil 2 11 High level

2.3 Low level

'
1 I

Low level lufi iApauNA1uANNITH19IUT0LATUT IS AWITUAS OIS Lag

a v = s

g1iauasnldluauideifevesarununisdu (Flight Controller) %031 Pixhawk Jadu
¢ Ao sl o ) 1 o ' < 1 (Y] < 3 [Y] |
vaiafidugeindnlusgasuasu 1Y WuwesnTIainAdE lIugeinIviaviinens
Ju awnsaldszuufnfasenineinmdeIulazasuimasniaiula danuddete wagll
YUIANETATA @1U1TaUININAUIA sYaAlAaINa1Y 819 L eunenyu Single board
computer N1AinAs ROS Fagnanilusivazidsnlumdenaly Tudiugeniasiulunuideila

Tdwanuasauaunisuiignimuunaugivuesn Pixhawk Tefidedn Pxd Tng PXa du

o
av

Open source ¥ilWanunsauiluusulse code Timunegiuaddeila anuves PX4 Aad
ANNBanguasaTaudalifiuserkIsY 9 b Hnwideuasiauiunueviilviaiusoin
ToyauarasfnNuTatuiUssendliiuanuddeils wenainiludy Pixhawk davzgnldau
AU Telemetry radio 9zidugunsnisu-didoyaaniusianunvedlasuludy Telemetry
. oA w =~ ' @ ¢ & a |
radio 8 NAINU 1Y 4LV BURBAUDUNTAUUUNIAN UAW (Ground control system) Lyu

ADUNBADITNID AUTNINY LA ILLAAINAKNIUIUTHNTULRANIET9TYD731 QGroundControl
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JU# 2.7 Pixhawk U7 2.8 Telemetry radio

CaN

5Ufl 2.9 NVIDIA Jetson Xavier NX

2.4  High level

High level Tunuideilidudiuniaziinisussuianatoyadruiunndilananlilu

¥ £% 1 [ 1 A o ~ - I s o a au Ay o ] &
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sala a

o & ¥ o 1 A s v ¥ a
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wandnd lduinauauld Tuswided deledonldidu Single board computer %30
ADUNUADSUUIALANTD I NVIDIA Jetson Xavier NX 3992wanenanuuase Pixhawk »5aail
mMANNTluNISUTELNaRalAsIASINTT 199910 CPU/GPU way RAM 91110071 wazly

dUv09eNIITAINNITANYILAETIUTINToYan13N A8l se Uy SLAM Uag Obstacle

' (%
1 = o 1 v

avoidance 53194 Low level @a13150vinausiuiulastdudaeiisigie deseedunfe
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P=1

55UUUZURN15MNYe91 Robot Operating System &13zilsneazidennsiolull

2.5  5suuUfUAn1s Robot Operating System

Robot Operating System (ROS) A8 n59UN15%1197U (Framework) ﬁﬁmmﬁwsju

° Y] a v ! I3 9 .:4' = av Yy g I
ﬁ'ﬁ/ﬁ‘UfﬁﬁL‘UEJUIUiLLﬂﬁiWHQ@I"IUWUEJUW Iﬂﬂl@lﬁ'JUi'JlILﬂﬁ@QN@LLagla‘UﬁqﬁlﬁLUUWN?W%M‘J
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anAudutounasiinUszans nwlunisihauiuuwanresuivannvansvesiuoud lag
ROS azgﬂam&g&awu Single board computer LﬁaLfﬂuiwwﬁﬁ’amwé’ﬂmamuf‘sé’afj lng
ROS aunsadenshufisalasunse Pixhawk lédae protocol AT o491 MAVROS & sazvi
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52uuUURN"5 ROS wilourula
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=
=
v
Motor Sensor

JUT 2.10 ununmLanIn1sidedsiegunIaling 9 ssuvdadeyauaznisvininusiuiusening

Y 9

Flight controller wag Single board computer

n15Uszgndldan ROS n3aszuuufuRnisvueus azvililasuldaainuaiuise
497U 8191 AARITEUUATIIABUAAANING TEUUAUNANSALUR svUUasIUNULUY real-
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TunulugafiAeadosdifigiannliuglu Community unudiaziulumadiunsamnlan
A

ROS Huusznaulusesingruiiu Tools-based hlsfindesiiunnwotiazdauan
awdudeulunmsiaun lidasdueiediolunsianudoyaniousius lorary sne o nns
Feuseuuu peer-to-peer dudunsifendesyninreuinnesuuulians lnefineuiiames
nnfesazdianuziniitoudu vlflumsimumusuiduasofiagiaumans q dwld
w¥ou 9 ffu uena1ni ROS SianunsasesiumemsreNianeslsvane 1w iy Ci,
Python, Octave tJudu wagnnawanansnyausiuiuld Tagluusaznwiduazd ROS
library Wuvesiiies wazidusnanslunisyausiuiuvesusazniwn

n19YauYes ROS Tuaedidunuandiiendn Master wazasdidunisvinendia
wusnsvhaudumiiedn o fdendn node tnefiuiaz node Huasilldnnsvheunent
TUmuusiaznifives node T 9 deusiaz node ﬂ?ummiaﬁ%ﬁﬁaHaﬁﬂﬁﬂé’mm{m

(Y

-'-ﬂl d‘ = ! 0 d’ IS ! £ ‘:9{ 1
NNATABE1TVDY ROS 7L78N11 topic mmaqmmﬂwmwizmm nslEuEIuegiuin

Y

o |

P ~ Ao & ! ) ] A av v .
Joyanignivdsidnuaziluegnils uenantiusiaz node tuanusanazilavaty topic lny
node 7vihn1sdstoyalumAnsivas ROS azgnisundn Publisher luwagh node Miintiisy

vV

UoUaLYNTLNIT Subscriber %4 node familsanusaifuléits Publisher wag Subscriber
viefifeannsnilivissuuazdsioya lasfinsdadayafindundrsiuasiisuuuuresnisds
Toyasewing node o 3 UV laln

1) ROS Message Lunisdslugunuy Stream fie n1sdsdoyauuusiaiiios
wardnsaaNanIInaUAURINAUNHIUIeATY Receive callback

2) ROS Service \umsdsdenauuuliisioiliosie defaninm (Request) T
LAITONAANS (Response) AOUNAULT KAEDIANTRUALIATALNITTONIIADUNAUTDINAANSLA]
Aunaiiseal e lilildssezanlunissernniiuly wazsewinesena node fidsarll
annsavinauegsBuld
3) ROS Action Library \unisdsdeuafindreiu ROS Service wiazdinas

Y

[y 3 1% 1% = a1 B o A 124 [y 1%
mama‘uLilummmmmagmaa NG node @3N ﬂﬁ’]ﬂJ’ﬁﬁW’N’]‘U@UlﬂWi’e]iJﬂUlﬂ
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Registration /—\ Registration
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Node 2

Node1 Node 3

Subscriber
&
Publisher

Publisher Subscriber

U7 2.11 malTexsioszming Node vas ROS

wena1niluds ROS dufigaithaulauazidulselosisonsvauissuudalulifdu

athsunn Tuffe tf library %38 The Transform Library Tneil library 939987Us9 9 ﬁag
Tuseuuvas ROS Wumsufiuenainiu Tneaeiinsudnads fe

1) World frame videimsulan ihaylsuénedsilvgian

2) Map frame Ao IWsHvDIUHUTITIAzgNTZYUY World frame nFo1TuLlsusnsds
Iwﬁyjﬁqmﬁmﬂlﬁﬁ World frame

3) Odom frame Ao IWsHAiLARsFUMAY UEUAT 1YY 28gnIEyUL World
frame %350 Map frame

4) Base link frame e wisufuyudisumisvesjususdvsounanesufigldauld
anuauladunan Ineasuniaves Base link frame 9gnd198391n Odom frame

uazazdinsudu 9 Auanafeihumisuesgunsaling 4 Tnsdnlnnudiaysneds

#9970 Base link Feanusaranualedndursuvesdulauazfafindu Base link

pe14ls Welii tf library @519n15100UADIEWINLNTHUUIN
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gﬂ'ﬁ' 2.12 ANLEARIFDE19UBNINAN 9 (Foote, 2013)

Usglewives tf Afeaunsavenlidnnsuusazinsuiunsiegludnvurle ogving

Y a a4 A A | ° a [ aa g
1N5NB1989 v30d 98U 9 agnels ausauunUssynaldlunsaleing q 1a wu nsandu
wlsuvesduwesinssey Fuduwesiulavinsinssesvinsssninaduwesiudewng 9 laan

= < 5‘:91/4' (Y . P I o Y a | & o v

wils nlsuduwestiweusianu base link Fadusuvisenadaweaiueud a1unsatiteya
VanuauAaliisresisEndiidugesnsany durusudiuegisiuinlusuas

| & ad & ' sw a q‘ < s =
pe4ls violunsdliiuwrsuveudugesInn15AaUNLEY NG ULaIHsIARaUN Nay

anunsaddeyaunmumaliguiuinueuaiinsiadeuiiiiusgisls (Foote, 2013)

base_laser
base_link

(0.3, 0.0, 0.0)

(0.3, 0.0, 0.0}
n "base_laser"

in “base_link"

(0.4, 0.0, 0.2

base_laser

U7 2.13 nwiansiioean1sAuanes tf library (Drigalski, 2021)
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2.6 MIsTURMUMLILAZE I UNUT (SLAM)
ogaiildnanlilutreiuinmsilasuasihonuuuudnluifnglueaslédu ddoya
flasudndunazdddustanniidiossuivione dumiswodasy wazdeyadsuinden
vieiunudl wiellasuiuaunsoldfumisesiauedunsimaludathmne waslitoys
wiuilunsnauvandsfinunsssinmaadeud dwhlilasududinduiiesdesdissuud
anunsosuaasumietasy uarsruuiazaiunuiild nmsAneduhlinuidssuy
w3838n157h38n91 Simultaneous Localization and Mapping Jasdussuudianuisarinnis
szumulsvesinemdouiadaunuilunieudy
38n135eyMundanyoudunisad1aunud (Simultaneous Localization and
Mapping: SLAM) Hunszuaunsiissuvavasnaunud (Mapping) U0 NILINADL w¥ausa
spyshumi (Localization) lluandou 4 fu Tnefissuuiulsiiteyavesdundousn

fiew (Durrant-Whyte & Bailey, 2006) Ingnszuiunisasiauwnuituazdunssuiunsingne)
1y o o vy a v v o 1 oA & 51 =
Toyan1sinninsininlanndundeumeaunsalinAvserduiasing q (Sensors) Tuvaed
Mduadounuldussnauiuiieasradulasiassloyadmsuesuiedainden a uuiy
drunszuIunsszysunisasdun sz U s TLanILLUD ST UL UR UMW 198
W3pasUILNINvesTUUluLNUNIMAES 19Ty

SLAM tutfinana1nmannisnit sndwineudnaiunsasuianmwnasulaluangy
o A = v Yo 5o I ] 1 =t ] s a A
geanuninils mindesnstiviueudsus ditauesiuegluaniuila usudalsiunnis
ATIRABUANNWINGDN 4 MUY NIBNVIVINNITATIVEDUIWI UL UALBILUD gLl

= = ) v A o A A a X s o

mnTguinguivaninuing ey uaztilelin1siadaufiiiaduy uguinaIsvinn1snTIvaey
annwIndauludundeunaszymundsnuadduaninuindoulviduaie §elunsdin
dunndeuiiuaglritulilaegisiuauiuly vusudaisnasaiunsaindeyainiuas Ty

a = o oA = Ad a & v & v a Y a Yo
LU?EJ‘ULVl?J‘Uﬂ‘UL‘WE]VI']ﬂ'WiLﬂaE)‘UV]‘V]LﬂQGUu‘Wﬁ@ﬂJ‘V]Q?JEJ']EJGU@;;IJaa\TLL?@ﬁ@ﬂwauUumﬂlﬂﬁUﬂﬂ

v i 1 =

% ) A b o Y = Y
wiau 9 Ay nAnadnutuazdunalaindeyanignnanidundnnisves SLAM o 138 t
a9 tuszdsznaulumedoya 4 Ussian Ao
1) suiiaveiueud X Saunsaidulang Vector 3 87 wax 2 IR uenainil
o 1 ] =3 =3 v v v a 1 v a
Fwtsasiusudtanunsaiiusuiududeyaidumamsitumvesiueudls X lnef T

Ao avimun wae X anwnsaleussuiglaluguuuy

Xo= {x, X0 X, .. X0} (2.6)
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Tnef SLAM dudnduseadidoya X widhvind1 SLAM lduvinistuanuingslifiveyast
J o Y & o [ a
fou Xg wgnivualiusiuniadneds
2)  Odometry ToyaUaRIANUAUNUSTENINAUMUIVBMUBUATEVIN Tt - t
wiedeyavindunisiiviaila o deiundaivnailanld envesdudeyasseziing doya
I3 ¥ ! A A Y v & Y = ]
AT Teyaninanss viedideyavanguseiandsenauiuilaannsadeulalugy Up v3e

aweulunnaiaaglai
Ur= {u1, Uy, Us, ... uT} (2.7)

Tummgefuaidimnitszuulidl noise doya Uz awnsadhundunandudumig

[
a va v Y

nsaun1vse X ba wilunisdjUatudeya odometry finvzd noise Lawe vivlvlunis

° v a 1% Ay Y a A I a
ﬂ']u’gmLaquﬁﬂqiL@quﬂm@u‘JaWVL@ﬁ]SNWLWE’JUVLTJF\]']ﬂﬂ’NNL‘UHF\ﬁQ

[y

3)  Object Fufudoyaaiioussvasaninwinden 01991y uaudunsn Tng

q
[ 1

A a =) r-ﬂl é{ [ d‘ ¥ ¥ S
WUNT NIDBU € muagﬂuﬂizmmm sensor NlUNIIATIVEUANINLINA BN I@EJ‘?J@QJJ@U"US

2 v A a =~ o | . A 2 v a1 A
LWJUYDUANBIUNEDIALAUIVDS ObJeCt V]Qﬂ@if‘]f\]W‘U IWEJ%Lﬂuﬁuamua‘lfllmL‘lJa‘EJuLLUaﬂmJJL’Jm

Y

Weulelugy

m = {ml, LM mn} (2.8)

4)  3TELUNIENIN object YIVUATIIUEUANTIINY M LAZHIWALIVDIVUEUAT
nan t a9 X neteyailavludoyaneduiefiesseeringsening m visvun AUrueuag

t annsnleulalugy

i 2210 Z31 - Zy (2.9)
2120 L2200 4325 -+ - L2
2130 L3230 2335 -+ - L3

Z, 1= 3 ' g

kzlsz 2y Zas - Zn:TJ
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ndeyariamuafina1udasuladn SLAM duduisnisfissUssainananiidun

=)

madune X uazadnanmuandouaiiousss my, nenislddeya odometry (Ur)

[
a

wazdeyanisin Z, ; Fanseuiunmsiavuatgnisendn Full SLAM waganunsadisuasunglu

sUves distribution o

P(XT; my | Zn:T: UT)

E‘Uﬁ 2.14 A52UUN15U9 Full SLAM (Thrun, 2007)

na19lad1 Full SLAM duasyinisewin X uag m, Nwuawiideyaniegas

Y

[ (%

o v &Y SN a o & Y & o
a1unsavile eluuanunisalteya X dnunfudndulieninluuisaniuniseiiu
Vusudns of ludeanisiiesuasurniidagdureaiusudivinuuilnindu SLAM 8n
Usglanduniiendn Online SLAM iagUsudanaua Xy viemuwniadagiuununag

Uszanananisuntaiavun deanunsaliswesungluguves distribution lai

P(xt' my | Zn:T' UT)

IR
@)

JUT 2.15 N58UIUN15¥83 Online SLAM (Thrun, 2007)
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uaﬂaﬂﬂﬁULLﬁaﬁﬂaﬂuﬁiﬂLLﬂﬂ SLAM C‘]"INU?%LﬂV]ﬂTﬁa%’NLLNUﬁaaﬂL{juaaﬂLLUU ﬁa
Landmark-based fiu Occupancy Grid-based d1%5u Landmark-based 11 SLAM JUwuy

'
o w A

fzandamzndfgiteiunenl 9198 017ty euanIsviteanasn 2 nu uagludn
5UlUU AB Occupancy Grid-based Aonssunuiiiemumenly 17 lauts Gmapping 13e
Hector SLAM wuilufiidlddniueuteduanden annsaiivarsguuuumaingusyasdly
nsldau Tnsenveglugduvuinyudidlanielidlafly wuunuidseduioiumises
yad1Agae 9 n15e5U1ed awandeudaengugadiuaunin (Point Cloud), N13o5 Uy
dawndeusemumisTngiviusudala, nsesuisdanadeuselassaireanuduiudves
daundau (Topology)

o i ° ca v

SLAM udiaudnAyageundinsulasuslasueudfiAean1sn1sianauwuuiv

o

6 1 o 1 v Y } %4 d‘ 3 = 1 1
AU BANITITYFATLAUINIBUNUNITAT LN UY] (SLAM) UULAIUYIYINUINNTIINITIEY

]

¥

FUUINS on15a519unuT LT Beed 10 o7 Janidaulng vean1svn SLAM Ao 1033
Odometry viadoyasuvisiiiaiiouluanenmiuasegnann duiiinandeditaues
gunsaivideifuwesiiltlunisvih SLAM 1wy guasalliiteyafidnduosiiuly wiegunsalil
anuemaladougs vhligunsaifduiilienlunisldnuty sLam thasfugunsaififiena
wiugngs uazanansolvideyadiununld gunsallunisyi SLAM deflnauanBidsiing i
waztfuidenannsasusandegamuiainauidedu 9 la leud gunsaliasvessmeiawes
(Laser Range Finder), ndas3fle (Video Camera) kay ndassalnassle (Stereo Camera) o
zuanssanndedinlenseiitieliilddeyannudnvesnmiliaunsoai sunuiuagssy
fumisldazaindu wilusmsfertugUnsniivardidinudiuaidesdalunsldau
Tnsanzdasitadiudwandeulunsvien lusnddeisdnsudledym desiinves
gunsal pren1sitaunsallunisvin SLAM 2 Useian Ap Lalgesinsses wagnaesamasste
Tnedeyaangunsaiis 2 asgnuszuranadae SLAM 2 35 fio LIDAR SLAM dmsuiaige$in
syug wae Visual SLAM dwundesaneiile a1ntduteyanin SLAM via 2 F3azgnimn

AU WNUleglEIoN15 Sensor fusion MenaNN1s Extended Kalman Filter



21

LN J ® Lounty 04-b

t [lselet 7 0Posltioste 7 0ONaCos  woMessrs @ NolhPoit ¢ =,

U7 2.16 fog1ensldau LIDAR SLAM

261 LIDAR SLAM Lilu SLAM 3Uuvunilsfifl ugnuainndnnisiifend Scan

matching lduiugunsalinssesimelawasussinn LIDAR (Lisht Detection and Ranging)

=3

Fafindnnisiaudunszuiuns laser scanning 3Uwuunianlddmsunisinszezain
< v v U Y v [ v v o
Wuwesludeingang q lagldudnnislunisarsuwanamesludiinguazinssaziiainig
azviaunsuvanawasNangly LIDAR dulimeiunaleUssnmng LIDAR Ninssuglaluiipnig
L7 LIDAR M3 UawnuUsauAIiienssesuasingsoudialuseunu 2 16 niaudius LIDAR 7
a111503nsverveingnegelaly 3 6 we LIDAR NnUIELANE IULAILAR DL UUNaNNIT

& = 4' e{'
WU AD N1FLAABUNVDILLE

Speed of light x Time of flight (2.10)
2

Distance =
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U7 2.17 mwuanssoenslans (LIDAR)

=

LIDAR SLAM g 2ulungyuarazlavgud 158011 Iterative Closest Point (ICP) L#Ve
M97988U31 Object %50 My, luasstiaiaitiu Object T Aa Object 1Ax waz Object 1wl
nsdsuntasluagnls

lterative Closest Point (ICP) 1dunsyuiunistunislumsléddeyauuy point clouds
2 gadayauSuuiieudn point clouds %9 2 gaiianuiUdsunuasegnels lnglunisaiuin
3¢dl point clouds 1 YAEMFUS1B wazdn 1 YaLiiodunanisaluasunlas Inenaluuaay

<3 . @ & o a [} o a a . 1

10U point clouds NG UDIAAABATULAEVIIAITIUTBULIBU point clouds Tugadtan

a | v aAvu ¢ ! Ay vy . = 41' d'

Ansianu TinqUszasdliien1dn sensor Mhiteya point clouds in1stAaUALAENITVYY

Juegrslsuenainiiuds ICP duglunsmiiuinvesing laenisiideya point clouds Tu
a [y v 14 [ & a

YavReusaiuas TN

ICP Tua29L5 Nusnazldn15AIUIAILUY Point-to-point metric wamaN1ladn1s
Wouun ICP guuuulng 7 Tu loun Point-to-line ICP (PLICP), Iterative Dual Correspondences
(IDQ), wag Metric-Based ICP (MBICP) Ingluaniideilaziaentduuu PLICP iasandeyaan
Iouansbiiuinlussauanuuiuguieiu PLICP Tdsaunisanaosiign wazdnnuives

HARNSENEN

A3 2.2 LWUSEUABUAIMLEINITAIUINVDS ICP (Censi, 2008)

Avg. iterations Avg. execution time (Hz)
MBICP 31.2 13.1
ICP 34.7 12.0
IDC 30.4 4.1
PLICP 7.2 539
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Point-to-line Iterative Closest Point (PLICP) A& ICP ﬁllsﬁl Point-to-line metric Tu
M3AUIEL F9azuANF9aN ICP UnfTilel Point-to-point metric Tunséwin wiefide 1ICP

Unfaglddaya point cloud Yaiilnaniuiianvesassdiniatlunisauin ud PLICP a¥ld

a

point clouds 2 3AY8IYINIAB1989 AU point cloud vaeYIIa1TT U0y lndnv 2

Y

Ing9daiantun1sAI (Censi, 2008)

gﬂﬁ 2.18 Point-to-point metric gﬂﬁ 2.19 Point-to-line metric
(Censi, 2008) (Censi, 2008)

U7 2.20 foenennsTdaru Visual SLAM

262 Visual SLAM tTu SLAM #l¥awlunisuszananalnonisil SLAM agvimis
1 feature fioglunmm &3 feature i Aovdnaidlunmininudsuly wWuuinuveuuass
y93dssins q Aeglunm wazld feature 2 YrananunALIUTIEMENNNT Feature tracking
dieusznanalunsai ez ssysiums devdnnsivhlianmnsolindeauuulafls
Tun19¥i Visual SLAM wilunsdifiléndesaumesile $auiu Visual SLAM u ndesawnassle

A10150UeNITEEUDLAaY feature I lnandesawasslailundesiignimunduniveldly
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nsanegULUL 3 i Inenisanenmazaieniendu 2 am uazinwd ldludsyananam
feature fioglunm tngldn1smsradudoyaieat iuia miudy waslassairosing
fing q lunmiia 2 A wazaseanundudeoya Point clouds vesusiaznm MU
MsiSuliioy Point clouds fimsazeglugaiiedfuvedananuduais euiam
J8en19aINNABIn sz Point clouds wazasradudeyalunduuy 3 §7 lagazdndnnis
Bulufsaunisit (2.1) wag (2.2) Femgiiosasyild Visual SLAM dufinugndesuay

v '
LY I I

wruganTu Tumiddeitudeniazlddundesainassle

World p
image point image point i Z
(left) (right) % i
o | | i X
Focal =t Z f :
ocal P i
length f: e P = P
B SN AR & W S R optical O
optical ~.center B 3 N S~ .D"
center,/ |~ NCH&ILN T (right) T
(left) baseline T

E‘U‘ﬁ' 2.22 N38UIUNIVBN Stereo camera (Hahne, Aggoun, Velisavijevic, Fiebig, & Pesch, 2018)

Z T (2.11)

Z=fxX—r (2.12)

(Hahne et al., 2018)
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2.7 Sensor fusion #78 State Estimation ¥89 Extended Kalman Filter

TunmAdeildlimuddyfussuvssyiumiaiesanidussuufiiuiiosindeya
Wifudmsu q lussuudaluiaseld uenanilasusalui@tumnindamauszuy
Salusifgavinny widvahsvuussydiumiannsaianlde Tasudsaansofiazly
SyUUNMSTULUURSAusTRLE szuuiiasidedann Position control iussuuildnisenads
sundslunisiedeufiwuioafudussuusalud® svdnnuuandieduludiudi Position
control ag§uddsanIlunauguuinUadidudumiatmuneg unudas$u s
\mnelagnsaguiienfussuusalusfd uenanni Position control avdaelilasuanunga
Shwsunusveddasuielila w%aﬁﬁaimummmﬁwag'ﬁmmqmmﬁiﬁ FWiaztawannis
AngiRvmuadtasuld fafudlunuidetdfeinisiienssuy Sensor fusion idnanld e
uAnuansaliiusEUUTE YR UM

atisitlanaaenldlusiadofl 2.6 31 LIDAR SLAM uaz Visual SLAM sis 2 3341
Fosnalunsldunandnaty 1ides91n LDAR Aldlusudsed (Dudsvian 2 97 vild
LIDAR SLAM asnsavihaulaualussunuioilimnmeannuindendiuilasnieuay
1aifidla 9 ogluszezaes LIDAR agyilsl LIDAR laianunsafiagvinauld uslunsdiieatud
minidu Visual SLAM @ sldguUnsaifudeyatundesainesile ndesanesiloazamnsn
asrvuunsemauld vililunsdld Visual SLAM anunsafiazyieuld Tlumsnduiutiy
néosamaslosoinisuaslunisvhen mneeanmundeniiiufidn wiefluados Visual

o w

SLAM aglslanunsayineuls welunsaiivindu LIDAR SLAM §994 LIDAR duliidasniad
foabthaslunisyingeu vinlrlunsald LIDAR SLAM aga1u1s5aazyinauld anninanundiag

1

Wiuledn SLAM usiazfiranunsanaunun1svinaiuees SLAM 8ndale Tuauddeidavinasly
U1 LIDAR SLAM i@ Visual SLAM wazazldn1syin Sensor fusion 5319038310 SLAM
4 2 Wy lagldisnsendn Extended Kalman Filter iivalviliaiinwisnisaliinuni
#1n SLAM daladimflaenvinay ssuudaluiiniessuuidnludfssdnsyihauselule

< fa @ . = ¢

\Hu@es AT (Sensor fusion) %38 NTUTELIANATINGULLES ABNTEUIUNITIUNIS

deyadngunsaiinamsednduiresanraiswnasdmeiuieliiindudeyalu

a a a

v a & v ° o & @ v a o oA @V v v
Vadalngl GZNSU'E]lla‘Vlﬂﬂu’]ﬂJ'ﬁ'Jllﬂuu‘ﬂgLﬂumaﬂﬁﬂigLﬂVlLfﬂEJ']ﬂu‘Vﬁ@‘lﬂJﬂlﬂ LLaEUBUANLNR

Y Y Y Y Y

FunvidionadudeyaUsznnipuudiinnugnasaindsu vioilutoyaUsznvlvtiisng

v a = U2 & v 1 g ' v a yyy v @y
Pndoyadia viaudusazidudeyalssinvlviiilunanissiudeyaussinniialivagdufle
(Sasiadek, 2002) Uagtunszuinmsvinduesihdutuiisefunainwane s Jeisnduniey

wnfgadmsunsidanusiuiueus vsoseuuimIavaILnanNeTUT oY TUN UL DY 9
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fio 33n1373unT1 Kalman filtering w3afite nsviiduesindusie State Estimation ves
Kalman filter (o491 33 di8usAdaudangulunsldon Tinsnensaeufinumesluns
furausi (Sun & Deng, 2004)

Kalman Filter fio gasmsadinenanslddniumaussanainfigauesanusidnds
%Lﬁﬂ%ﬂ@ﬁ%d%ﬁﬁ@gﬁﬁiéfamamuzdawﬁﬂ(amuzaﬁm) Arveaduigasiildann
anuzdaguu uazdoyaivaiuanulluuey Wy mnuliuiusuvesnamanivesszuy
(System Dynamics), mflmammﬁ'awmqﬂmaﬁ (Measurement Noise) 41U5¢nNaunIs
fiansavuil ugiuresninuuiaziu Extended Kalman Filter (EKF) Ay Kalman Fitter
suuvunils IlunsdianuzvesszuuifusuuuulsiiBadu (nonlinear) §4 Kalman Filter
Un@ldamsamwadls

N3EUIUNN5T09 EKF Iaeunfudlazuuadu 2 nsguiunis Aenseuiunis Prediction
wag Update Tunsguanng Prediction EKF agyinnisusennaatanug laelduuudiasmig
AMAATAATUDITEUULAZAEDIUL AOUNEN W BUAUYIINITUTEUIUAIAIULUTUTIUYDIAN
dn1uy (covariance)mﬂﬁ”jua]qusz’f@yjaﬂ”’wm@E"J’qmzmumi Update 4 3lunszuaunis
Update EKF 98710135 UAN@0 8 ka2 AIA1LLUTUTINT0IAIa 1UEIINRUNTAIT 1N AN
ANUWUIUTINAINNTTUIUNTS Prediction tay 91nduees sxgnihunmwisidua Kalman
gain AEAIUEAINNTEUINNTS Prediction Way 91nwduLgas $9a9TsA Kalman gain QN
ihaAuuiuduaaaugialudndouduaianuwUsUsuveIA@nIUE NSTUIUATT

nuAYed EKF Uagnseihgnluauninssuuasnenyiniy



nalt

'l e

[Predictiun H Update }
Sensor

a0 t+1

il

l

[Prediction H Update }
Sensor

a0 t+2

i1y

i

[Predlctiun H Update ]7

Sensor

gﬂﬂ?‘i 2.23 NS¥UIUNINNSHINIUYBS Extended Kalman Filter

/

Prediction

lsznaAaaiuy
Taalduuusiaasssuu

3 \S=

Update

-

~

Anaeauwilslsiu

Kalman gain

F

>ti"|u1 ALANAATUYYAITHUY

L g

| AnaAANuwlnlTu

>

L

¥

.

| a7
A

UM

Sensor

ArAuuilsilTu

Aaaug J

2.24 ATTUIUNITVINNIUVDY Extended Kalman Filter
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Tun1591 Sensor fusion A28 State Estimation U89 Extended Kalman Filter (EKF)
N3¥UIUNITVDY EKF azuansingldannnsdiunfdntes uazazdisnisvi Sensor fusion g
3 Fadeiudeuseneuluse

1) Parallel Extended Kalman Filteriuﬂizmumiﬁyﬂﬁi Update %Lﬁmsﬁwma

AsINTIMvenduweirsedeyaily uazn1s Update Mvuniiaziintunioudu lnuas

a gy s A

1915 Prediction Lagaiu F3HdTngUszasdiielvianunsavihnsaadeyaniaunlasgg

q

a a 1 a 1w

F5ian nziuneuimesfiussansnmas wasdeyaiiludasesiar

¥ [

2) Sequential Extended Kalman Filter Tunszuaun151n15 Update 9z1in

[y

3 1 = aqa 1 a dy 1 d‘ % U a 14
NAUATIVULAYINUIG Parallel pn19 Update Az unotiaanuludnwastTady n1s

Update uravassazhaaasadunou n1s Update dnlufsazanunsaditld usnis Update us

avtumauannsadneenty vieanunsadwlulimnlifideyadiunlunszuiuns BUIUE

& A

Mglonath widingussasdiieliiuanulnzetevesdeys wngiunsldsudeyaussian
a [
WAyt
. . o L4 < s

3) Data compression Kalman Filter N§$UUN1TI8NINITIINVDYDIINLTULYDT
niadeyananualcieiunew AntuaziteyaiignsiulalinanszuIums Update A
= ax S ¢ v e = < | v )
WAy Bsiilinguszasdidie annisliiuudds uaziiuanansilunisdedeya wungiunis

udegaviany o Uszanmuarvasradudoyaussianlal (Willner, Chang, & Dunn, 1976)

Sensor 1 >

Sensor 2 >

[

Update i

Sensorn

e

[

Prediction

E‘U‘ﬁ 2.25 Parallel Extended Kalman Filter
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Sensor 1 >

Sensor 2 > Data
Compression

[

A4

Update —

Sensorn

.
{ .

N/

F

Prediction

E‘Uﬁ 2.26 Data compression Kalman Filter

Update 1 H Update 2 I ------ Update n

{ Sensor 1 l [ Sensor 2 l Sensor n

[

gﬂﬁ 2.27 Sequential Extended Kalman Filter

91199 3 nspvauNsldnatann nszuaunsiviszauiueuidedian fe
A5%UIUN5 Sequential Extended Kalman Filter ifiasanlusuideinsdit sLAM alash
wﬁuﬁ@ﬂzymsﬁu NINIAN SLAM ﬁﬁﬂigmi?uaaﬂmﬂisw 74 Sequential Extended
Kalran Filter 1 uiSiAerfianuasavild Tunisldeauasanszuiunis Update ag9inis
Update 2 sy afausnasdunis Update ﬁuasﬁau”amﬂ Visual SLAM wazaSefigosazidunis
Update #18 LIDAR SLAM Tagssuuisnunagyiauiianiud 20 Hz fadunnuiigeandi
Visual SLAM @13150vilel (LIDAR SLAM ansnsavineuleigaan 130 Hz) tilesaninmnld
Aufin13vh Sensor fusion gend1 20 Hz N13 Update faediayaann Visual SLAM Tuunansy
foyatignldasdudeyaiuanns Update afsnounth iilosan Visual SLAM &slaifinnsds
foyasanin 13 Update fredeyaiiniiondmaliideyaitldainisr sensor fusion fie
anuAmaeAeuTigetuld defulumAdeidsldhnstmuanuivesssuuianualsiia,
wiiufi 20 Hz TagdreBannanaauiigeand Visual SLAM aunsevilld wasnquiilliviomn

andulumuannisi (2.13) 89 (2.18) il
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Prediction Update 1
(%, 8, vy, vy, @) (%Y 8, vy, Vg, )

Update 2

il e

(x5, 8, vy, vy, )

i

i

Visual SLAM
(Vi Vi w)

20 Hz

LIDAR SLAM
(Vs Vi w)

20 Hz

20 Hz

New Prediction

(%3, 8, vy vy, @)

g'ﬂﬁ 2.28 NS¥UIUNTITVINIUVD9 Extended Kalman Filter @1%15UN15911 Sensor fusion

nsUsERnMAEnulnel gL UUTI0ITEUU -

% = f(Xp_1) (2.13)
ﬂ’mJiw1mﬁ'ﬁamuz%UizmmmﬁayjaﬁﬂLmu'al,l,azmmL%"ﬂ,u 2 1/ F99¢

Usgnaulumigsiumis x, y 4 0 vazanusilunuiszuu Uy, Uy LLasmmﬁ’sLs‘Bmu

w lneagldaunis (14)

(X, = Xj_q1 + (vxk  cos 01—V . sin8_1) X At

Vi
Ve =Y, T (vxk_l sinf,_q + vy, COS 0,-1) X At

flxeoq) = O =61+ wht (2.14)
Yxp = Vxp—r
Uyk - Uyk—l
L. Wy = W1 _
ANSANUINAIANULUSUSTIUUBINITUTEUE -
Py = FP,_1F" +Q (2.15)
ANSAUIAT Kalman Gain :
Kiy =Pip-1H" (HP;y—1H" + Ryj1)7?! (2.16)

NIAUIUANENIULVDITLUU -
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2 (2.17)
X = Xp + Z Kix(zi — HXy)
i=1
ANSATUIUNAIANUBUTUTIUVBITLUU
P = (I—KiH)P, (2.18)

(Moore & Stouch, 2016)

a a a .

2.8  3zUUNMIRAUNANEINAYIN (Obstacle avoidance)
o . . ) a | . . <) a
FEUUNITUINNG (Navigation) 30l UAV 89NL38NIN Mission control W UTTUUN
o ¥ d‘ 3 . A [ ¥ a A o ]
gyt ATUAN UAV bnuuywd tag Mission control 385 Utdunen1sduvs asumi
Wmnefigninadeeuyed uaziinisasugy UAV Tiduluamudunieiilasunn Sdussndng

o . . < o 1 1 [ o dl' o

N1991797U Mission control NAETUAIFNTULAN 9 Y03 UAV N UNIATUIN bW BVINIT

n3Raeudn UAV vihaulaeggndesvsalyl (Barton, 2012)

Throttle and

Mission Trajectory control surface Kinematic
objectives | Mission | commands | Flight commands UAS, states
control control ynamic

response
]
Sensors

State
State (estimation State
estimates observations

gﬂﬁ 2.29 WNURINITVINUVBITEUU Mission control (Barton, 2012)

1%

lneluudaseuy Navigation ved UAV agviuluiiuiilas vieldlussAuaugi

[y

P 9 vaa a i v a [ a &
L'Vill']%allLwalﬂimmaﬂﬂﬂmqq\‘l@QGLULaUVl'Nﬂ']ﬁ‘UU LL@I‘UQ']U'JQEJU

N

ngUsvasdlunisldaules

[ v
v v = o

uneluersvhlilianansafiesndndesdsinunsls seiu wdrluanuddeiidinisdne
55UV Obstacle Avoidance 1131 wiavhldlasuaunsafiasnaunandsfinvslameiies
Tnesanesiuiieiseiidentd Ao Dijkstra algorithm

Dijkstra algorithm Aadane3fiufiagdnamdumaiiduian flagliddsiaunaeg

luidunna lnen1391191uves Dijkstra agvinanulaglivoyad1uniaainseuu sensor fusion
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nazlddeyaunndiann LIDAR SLAM @sildnwazidu Grid map w3efifio LIDAR SLAM 2y5wy
Toyadawndenlyiidnuusludvasundn q Weuseilay LIDAR SLAM vszyuszinnues
Grid map usaztududsznnlinssmudandonass fe Free space sefuildaning
A3l Grid Tughutunsstuiiufiszaing LIDAR fudsiinuane Obstacle space wiedinans

NN Grid TudulunssnuN Ul od 619 9 91 LIDAR A529199 LagUnknow space 139

'
=

Nundungeliiinnsdrsia Tunsalf Grid Tugrudunsesiuiui 79 LIDAR §elulansivasu

(Hornung, Wurm, Bennewitz, Stachniss, & Burgard, 2013)

E‘U‘ﬁ' 2.30 #7984 Grid map 970 LIDAR SLAM (Mojtahedzadeh, 2011)

7 1
a o v A

Inelun13¥191utY Dijkstra Agddunaudail
1) Suteyadiuvtelagtu wazduniadimneuniieinn1snyisaeuimumie
4 2 Wumsaiu Grid a

2) $udeyaunudilneuianiz Gird 19U Free space way Unknow space i8¢
serheumiadaqty wagduwmiadming wagvhnsdinamefnalsueusas Grid

3) hnsaaduiidousossvienguinarsionun wieuiimszesvoadudon

1) fvualigagudnananaaeniiugatagiiu Wugendsliluideu (unvisited)

5) 91n9adagtu Ansangad afsmududeunaedidslaluidou uavduna
svoymesieilomeaduien fogratu haatagiufie 90 1 @uTendidean g 1 Ui

adufies a 2 Tszeevnadu 2 deussezniavesye 2 (e 90 1) Fawiiu 2 9ntdu
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aziuuali 90 2 Wugeilddeunan mnduiwinmslidgatiufes 9a 5 Fellszazni
Ju 1 9zldhszezniwesyn 5 (aeru 90 1 waz 2) dawiiu 2+1 = 3 10usiy

6) D1AN1IAUIUTEEEN19099AANL LA IELAUN T UANAG LagAITEEE1I

[%
= 1 Y

munlalirntaenitAsreeneituiineg veegatiu W euiuA1 5888 M19U893AAINaT

U 9
= U A 1

wagliuasugafuduniswesgaiignidsuivaingailuideusdandugandldludou wu

Y

v
S a

Mdun1931ngn 1 1deqn 3 wazludegn 5 azladnsseenisvesyn 5 Inesnudunsliie
WU 5+1 = 6 n3dlilazmiuladn idunisludagn 5 Tnenu 9 1 uaz 2 dadesndn fatu
dunsignidenasdudunie 1-2-5 dunsilaggnidewiuidunie 1-3-5 uazasiudeugn 3

Jugandslalluidouguiu

[1,2,5,9] = (2+1+7) = 10
[1,2,3,8,9] = (2+1+1+1+1) =6
[1,3,8,9] = (5+1+1)=7
[1,4,7,6,8,9] = (2+2+243+1) = 10

gﬂﬁ 2.31 A9819NIINIUVDY Dijkstra algorithm (Sniedovich, 2006)

N3ANWINTDY Dijkstra Haevinaugun1sAiagInaenIaunIlaTuasium 1Ly
= o ' A Y a o | a o ' a o =
feduniadmng iivedesiunisiedeiavingdnil nsiufguduniavesdeinying nie

DA a sal o = a A & % P
wiludnisiiamgnisaliliilasuedeuidanainly nandfenszuunisiiazasiaduniely

o

sty laag1gunud ey
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3.1 3Bnsnusiusandeys

Tun1snaaesnisuszananauardeyananunisduiidesuseaanauaglides
Usvananalzdegnaiiiuszuulufn1g Robot Operating System #3831 ROS 9 ROS {1
flafdunsienuuunisiiiendn ROSBAG dsanunsariutoyasing 4 Tu ROS o l3ld Tneas
ogflusurastig bag Fsuaninanfudeyaldudriugsansofiasunausly

nInadeuIzgnuUteanidu 2 diu Ae N1snadeunie3snig Software-in-the-loop
ulUsUN Ty Gazebo lonsnaeudnuaznsvhnumdninnsdeulusinsy Mszuuhau
I¥mudeinsnsolduariiagmedasls mevhnmsudludeuszvhmsmegeulutusely uay
AsnAgeuduass MunduasadunsageUs e Software-in-the-loop W enaaaunIs
vhauulanadehssuhadldmudasnmaviolsl Tunsmeassis 2 dull deyavianunas
gnuiinlilu ROSBAG ilelanunsathdeyandunniinsizsilmails

331 Gazebo Simulation LHulusunsufiannsndiaesanmuandeuuuy 3 SAl
iieldlunsmaaeuviugudsalulid Dealdiunismadeuszuu Avoidance uag Computer

Vision saslasuilasandussuuiiannsaingifivglade

JUN 3.1 feganisldaulusunsy Gazebo Simulation



35

3.2 FBsaenevdoya

v
v

nsinsgiteyaluanidetazgnuuseendu 2 nad Ae n1snsgiuaezrinngg
neaeuLiionauanuzdagiu uardunaisaufisunifiorafsturestasu maliase
nnsdl Ao MIanziaendanmInaaeu tenesinalneaziden uagiiiolvianansns
MsHaMIAaeUNTOUTLANAs U IUTsUBURULE

nsieszRauzin segevazidunisdunangfnssuveslasuy Usznauiunis
Fanadeyad suldainlasu waza1n ROS Usznoudun1ulsunsy QGroundControl,
Plotjugsler wag RVIZ Lﬁam’;ﬁlaauamuz{]wﬁmaﬂmu dieldlunsudhseSsanulinunadi
p1fndu waziftonsaeuiinanmageuldesfudulunuunuiingiviela iffosan
amufianaafiAniuusadsiufnuainnadeulusunsaiifianann

MlATgnevdnismagey aglddeyaain ROSBAG Iufindeyasyninenis
yagou thanauiielsunsuiifot Plotjugsler way RVIZ doyafildasdutoyafifiniu
Tusgwinnismeaey uenanidsannsalidsilunisusuguieyald Tasnsdeulusunsy
Walneflusunsuduagiifugumnanlusensuduiildnounisnaaeuad s udasiinisusu
msfiwesunsdu Tsensuiignusumndimestadlddeyan ROSBAG fignidudniflunis
AW WagaranunTatteya nluuansmvgluiuteyaiaula

321  QGroundControl ifulUsunsufiazdndedu Pxa Faduiifuwaivesiagu
H1UN Telemetry radio Tngagvnissudeyaimunanlnsuiiothuuanssaliglioy
Tusunsu uazdldnuannsadsnislasuriiumsldsunsuld venanddadulusunsuilély

nsUsulsInsiwesvedlasuiialasuaiuisayinulaauysalinn gy
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Uil 3.2 fegransldeulusunsy QGroundControl

322 Plotjugsler \ulusunsudmiuihdeyavianuniioglussuuufifins ROS 1
Tuvauznsufiiins wazluguves ROSBAG wuanadudayalusUvesunugiioynsuaan Tu

nsldanuanunsaionnsianmatoyailanizianzas ansadidayatuaninaniouiuie

Talunsidseudieuls

+ B ® & P

S

x
~N B T WRuried/bosstc | [ urie posero
7\ //:/’?zj"" " [hrcioms | | 1o
™ . N\
S .
A \ \
] / \ N\
) o | \ \
\. \ s
Ly \\ \
| 1
-y
.....................
H o s 0
X /
—0
| . [T ye— {
| (et
ez / i
- cmd. n\u £ \ "
o \ \
C;
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. ]
Custom Series: | + | | ki T
‘ s H o s » K plat
7500 | &S B ) Speed: 10 (-] Stepsize: 000 -

gﬂﬁ 3.3 fegrensigaulusunsy Plotjugsler

323 RVIZ L‘fJuT,UﬁLmiuﬁm%’uLLamsﬁayja’Lusswﬁuaq ROS lajdwawlﬂusﬁau”alwmz

UfjURnmnseteyaiigniuiinlinig ROSBAG luguiuuwuuinasuaiiousss lngldn1se1eds

310 tf library RVIZ 9z¥ievinisiwensauasininadeyaiiaie viliaunsansisaeuaniue

9389919 9 19d889Tu
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ROS Time: 1634919856.4:

—tRghee

“base_link

2| ROS Elapsed: 4544.17

wall Time: 163491985645

Reset  Left-Click: Rotate. Middle-Click: Move X/Y. Right-Click: Zoom. Shift: More options.

U7l 3.4 fhegumsldaulusunsy RVIZ

3.3 mMsaiunsig

# WPowEstmie  ~ DNwGosl @ Pedlshpon

wall Elapsed: 454413

Ble Banels Help

Experimental

30fps

o we3auaMuWTan naaay SLAM P
ANHILATIHUAY Ny - Usuviau
Tiszuu Localization
- o 2 nAdaY sensor
diuwmnileasiasy aanuuulasy Usuivieu ;
fusion (EKF)
wadau SLAM [P viaday sensor oo
Usumiiau Usuviau
Localization vulasu fusion (EKF) uulasu
nadgausyuy Navigation uaz nadgauszuy Navigation uag negay SLAM
Avoidance @raaimadauiinaiy Avoidance @raldsunsudinaas Mapping

JUM 3.5 n3pUIunsMsaiiungide
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33.1  Anwuazmumurssunssuiiendesnuiseiuiy
NUNIUITIUNTTUIINLENAITWAaEUIT8TuiIda SLAM, Sensor fusion,
Obstacle Avoidance, Navigation s’mf'faizuumuqumsﬁué’miuﬁ'ﬁﬁlw Single Board
Computer Tun1sUszananauazaIuAi Pixhawk liteAnwinagyhanuidilafevannisuay
nguffiargnltlunuids gunsalflinddedudiunnidentfuasimnzan funuideiagin
Fnmaaeuluguuuusing 9 suiaisnsrusndeyaiivinzay ielinasunisided
auysaludrausavihudisanglueinsegediusednsam
3.3.2  W38UAUNFAUNITNAGDY
TuneuiliBuannssssuazageusE UL tf w3eTaifiufife The transform
library §adusyuuivzvinisdenleansuesdruing g wWilimemu iesanlussuuaes
ROS Huunanrlefuuanduseiunisiimsmduresinoudinazgnindalfununaniody
Su vlkidedugesininadouiindilulananuduasadus efuasunanrosuiifnds
Fuwesazadoud ludesu usluszutves ROS aznariluidiisadumesiiniui
waoud safu uds ROS Feilsyuu tf Wwnilouddamil Tae tf aviduszuuiiezuenin
gUnsaleing q uazunanrlesududenlosiuedsls luduneuifadumsdseszuy tf laens
SvunlsLYBIsTUUMAN UL x Aesunt wny y Aedudie uay uny z Aeduuy 9ty
vhmsinsvezvesguniaidu q Wisufuisutl uasthsvesdld Tuvhmsdsmssuu tf uagsin
nsnaaoulnensiUaldaussuuszyiumis udihnmeassndouiilugunuusng q Lile
n3aeuiigunsnisng 4 luszuures ROS Hufinmedeuiidulumuarnuaimiels uay

ymsuAtvrnliidulusuanuduass

base_stabilized A

base_link
\ laser_link

O
L, 1,

map odom base_footprint

JUT 3.6 Mg en1sitenleansuved tf
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3.33  MSNARDUTTUUIZUAIUNLAIEIS SLAM

nanaaeuludmdasdunsmaaeumsszysunidlasldinisves SLAM
Fadunsszydunianuy local position Aie agtiunisuendumislagdnedaaindiuntad
Suvieu wazasUszneulusag SLAM 2 35 Ao Visual SLAM 7§ nnsuszunanauundes
Realsense Tracking camera T265 Wag LIDAR SLAM mi’ﬁayjamﬂ LIDAR wagUssuianauy
ROS Taglunsnaaeuazld Jetson Xavier NX Afisyuudfiinis ROS uaglusunsuiiiiendes
Fousafundos T265 uay LIDAR findsasuusadmiuduiiiendoui annduazinnisidusa
diowpdouiilumudunisiilimnunuld Tnadunisnisiedeuiisiidnvazdunsawn
3x3 WA uavazgnuiseenidu 9 deaua 1x1 waswintu ludiuveansindeudszindeudl
1Ag919899INYARAVBINTTS %m?{auﬁmﬂqmﬁwﬁﬂﬂwqmﬁ§ﬂf\mf§1’wﬁq WavhnisUudin

v « A & I
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» @ ® ® ®
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'@ @ @ o

r
v

c{' v a Y ° 1
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lumsnaaeuiuazld laser pointer AnAusatiiolunisensdesiuniisvessa

AULEUNI9939 wagly ROSBAG Tun1sUUNNNanIsna@ausi aunutUS g uLigun1evaInig
a P P = ~ A v & v Ao o = P

negau dwnaeunltlunisnegevasiiunelusinsdaidnvas Juresindsiivluynau

TUAIEI AN LAZLIANNZAY Bl INARIaIm 935 laway LIDAR a1usavinaulsag1audiy
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mendsnsneasuaglideyamunsiiléan SLAM i 2 38 vhwunsaaaey
Armnaaedouiiintu Tnsn1snseaeudeyamumisluneudivgaiufinnafiusinagad
Y99319 uenaNiadimsiinisusuifeudeyamumisnnn SLAM Tfluualdulndidsi
foyansedeiu
3.3.4  mmegauMsUsEliuanuae3sn EKF
N1599TUYDITEUY Sensor fusion tiu axldda3aa1n Visual SLAM wag
LIDAR SLAM ﬁwgﬂdqmé’q Extended Kalman Filter (EKF) #1114 Topic 984 ROS AN
wgnAmnasmiuimguiluide 2.7 veswnd 2 Fsazdunisirdeyanin Visual SLAM a1
14lun1s update Toyaa1nn13s prediction ¥ea EKF anuAazsinis update %ﬁﬁaﬂsﬁaga
27 LIDAR SLAM Bnadanils dedu LLﬁULﬁaﬁmiéJWLﬂ@ﬁ?ﬂ%@;ﬂﬁﬁﬂ@ﬂﬂﬁiUﬂﬁﬁWL@Glﬂ%’j\iiﬂ
adanils sruvaransafuiiasdnnsosdeyaiiiaunddld
33.4.1 lunveasuduusnagldgunsal Bnsmaaey uarisniafudeya
wuulieafunmanaaeuluinde 3.3.3 usdaefinisifiuszuu Sensor fusion e EKF 1ihlusae
mendsnsvaasudoyailadan EKF azgninnieuiisuiudeyasumisais uazdeya
270 SLAM 913 2 38 a1ntfuagshmsuiudieuliteyasin ek Wiuuildululumaiend
foyamunisaianniu Tnsn13U§uil Process noise covariance a4 EKF wagdt variance
93 SLAM ¥ 2 T 1eazBenuaznanisusuiitsundsanniiulaléindeyaain EKF fenugn
Fosuazusiugnduiivmelaudrezgniuiinifieiiulildsely
33.4.2 Supeudeutasidunisadeunsdiiduesndosawmesilevie
LIDAR vi3odagaain SLAM T8ladsnilnantigvitu Tasarldgunsal wagdininfudeya
Uiy wiludrwwesiBnsvaaeuariinisuiuiaeuasnadeslunseaeulvidenasonts
veuvasgUnsaiagnisuszananates SLAM laaludupouilazutadu 2 duneudos fe
n3al7l Visual SLAM fail Aonselfl Visual SLAM Uszananaiianaiavielianinsauszanana
1 uwagnsdlfl LIDAR SLAM fail Aensdlfl LIDAR SLAM Uszulanaiawaianieliaiunsg
Uszadanale
1) Visual SLAM fails 911N158198 90918 NN1511591197U Visual
sLAM Hul#fayanmildanndeslunsusyanana duvinlilunsvaassndosnisyily
Visual SLAM vihauiiananasiosvinlindeslianansafiazvihauldenagnsios iieldnmdls
nndestuliianysaiaunsests Visual SLAM laianunsnUssanald fegradu amivae
Auld araAuly viedaiuld FufleAdedifinmeseuwarnsiluldauaisieud

aa g 1% a a o v oA A A YY A a
nsaidululaunniianuazaiunsafiasinnisnaaeuls Aensdifiamilavudaiuluau
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Visual SLAM Tslanunsafiazvianuls lunisnagevidinsdamioudsndasliaiuisailn
sunsenmiildannndesiuldannsainluusvananaseld Tnevinnisneaeulureditaiiy
Tunnau uaglduasainanuaealiangluies lummegeualditnsiiediule 3.3.4 uay
19/ Process noise covariance U84 EKF kag variance 983 SLAM ‘17?& 23% Lﬁumﬁléfﬁ]’m
msusudisulude 3.3.4.1 uraviideunndnsiuie Welsunsvaasuazdalnnielusie s
wasaafisanaiiofunisnsinaeuilutiesuguresnisnagay Visual SLAM awnsafiay

auldegegnaes andudeviinisveaeululassesiiamilaaziinisda liagluies

=

Wi lvivipatuilauagyilit Visual SLAM vihauiianann menaenisnageudeyantnain EKF

° v A v 1% Aa a Y a A |
'ﬂ%ﬂﬂu’]&ﬂ@]ij"\]a@‘qusU@Nami@"\nﬂ EKF a’]mqiﬂﬂiaﬂ‘sﬂ@i&ljawNﬂﬂﬂfﬂ@@ﬂl@"iﬁﬁ/ﬁ@lu e

Y Y

1y =~

toyanladuuiliululuiianisla

2) LIDAR SLAM fail 91nn15819898918nN15997U LIDAR SLAM 71
ISl uiidosinie LIDAR asdesnsiaduunsdsidnasniaand LIDAR SLAM e
el LIDAR SLAM fiayailoldlunisiuisuiiisuegiane dsdunisnaaouiazding
Wasuwlasaauiinageu unismeaeuluiemioninisiilanite @9 LIDAR ldawnse
nvndunniueseasliwdeniu wagiiunad LIDAR luannsonsaduddaldios Tuns
naaauarldAI Process noise covariance U84 EKF Lag variance 84 SLAM ‘Vlgﬂ 235 Ju
afilaannsusuiioulude 3.3.4.1 warlunspdeuazisunadouatnuiasuniaie v
LIDAR ansnsansaadunsdald arniuazyinsnasudiludausnnd LIDAR lddunsansiadu
Aslale Litelof LIDAR SLAM lalansnsasihanusieluls mendsnnsnnaeudeyaildain EKF 2y
gnihsnasasuteyaiildan EKF annsansesdeyafiinunisenlsaiaviels uazdoya

PladwunduluTunanisle

dl 1 v ¥
A13197 3.1 @nunnnIsnageuvsdusazn sndeuluiive 3.3.4

Visual SLAM LIDAR SLAM Condition
3.3.4.1 Work Work Un#
3342-1 Fail Work Wosdln
3342 -2 Work Fail aen

3.3.5  niseanuuuaimAguliaudy
Tdeyaiisausalunisesnwuueiniaeny Inedluanuidedazidenlddu

lasuuuy 4 Tuia iWesaniivunafivnzauuazinnuazaintunsaiuny wagiin1seaniuy
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a

Tnssadadwmsudestuluina (Propeller Guard) wlatosiusunsievinluialunsdiiiia
pifmnTu vdsanldvinisesnuuulnsunioulassadsdmivdosiuluiaud azvinig
aaﬂLLUUQmﬁwﬁfmfﬁamﬁg@Uﬂiajﬁf\i"n,ﬂu 979 LIDAR, Stereo camera wag Single Board
computer InediiflafindagUnsaitenunudnintnvesgunsaiianunagdoslufnade
wgudmsesemasuiiolilsidmaseiaisnmueseiniaey
33.6 mamadeuwazUFulgslasudasdu

msnaaouiudowy Wunsmaseunsinudesiuiiowdoyadifuly
Tunsusugulnsulvianansavaumelueansldediedivssansamanndu nsmagouass
S

1) M3 Take-off Wag Landing WiovnAnaniafanyas

2) mundeuitludnumy Roll, Pitch wag Yaw Lﬁ@ﬂ%’uﬂqﬁzwmuam haY
Lﬁ'amym Roll wag Pitch qqqmmzmﬂm%ami Yaw Tz

3) ANTNABUANTIAUNINLT BRI T Nz aNLaEANLS g eg
anusaldld wagvhmsveaeumszern1susnvedlasuiinnudaiu

1) wagouazFuUTIMBnweugslulmansTunsluiAuas Snlusia

5) wageukarUuUImsinwudulrnnistufealutiuas Salud

loladoyaiisiosnisuds deyaiomnazgminlulflunmsuiugulasulassiy
lUsunsu QGroundControl sigannisusugulasularunsaitauniglueiasivedied
UsgAvsnmudatu nanaaeuitddayBnvisetnafie serinaigeaatunsdu (Endurance)
Tnens19358ulasuinslivuenniauazdunafilasuaunsadudseglsaunseiauunine’
yoslasunua Endurance Aldazgniuiinionlidieldlunisiihsg fadtedesiumnnisaliilasy
LUUAAEINIAYAILIAS T

mendsnvedeukarUiuguiaud s dumvaaeutliiedosiula
sulaemss tufe nsvaaeu propeller guard Tngagldiinmsmunilasu Wdulusuiudain
ynsinsdataandulngu Tneldmmusmnanudiuasaes  iutuaufimimsagee
Tnedidmunelunismegouds propeller guard Aesarunsasuusslalagliunnidn wazly

gusauinnssuiuluin visguimwililuinanuisaUsneiudniauing
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E‘U‘ﬁl 3.8 MnWN1SNeEeU propeller guard

3.3.7  MINAFBUTTUUITZUAMUMLGAIEAS SLAM uulasy
& & < £ a o o X
Junautlazilunmsnaaeuluanimnisldnuass lnevinisiigunsaiiavun
‘é’ a :’I o 1 a U v ¥ =4 ¥
FJulufamauulasu wazyiN1sNA@eURLAEIAUTATE 3.3.3 fD F8ATINITVUIA 3x3 LUAS
a 1 1< 1 v 1% dy A a 14
Nazgnuuseanidu 9 Yosvuin 1x1 lwasindulivuiunusnansegaeu wazavld laser
pointer Anlitulasulrdasludamseilaasiaenld odusiunusiumiawedasu Tunis
mivAulasuagldlnunni1siy semi-autonomous ¥a3 PX4 75431 Position control kay

Tagluld i s9198997n SLAM Tudiuaesisnisnaasunisuaasuilazanuwuadunis

Y
=

NAADU 2 ASY ABD ASIN LY LIDAR SLAM wag AS99 19 Visual SLAM weasiidsn1sneasu
a U A o Y A a ) A o ' )
willeuriu Asvinisnedeulaenismuaulasuliiedeunaingndnveinsnsiidwrianisly
nyadedndunianiiaievimstuiinde wagyinsaiuauniluauasuns 15 90 n1enas

P ° Ay v ° = P v v ° n A A o v v
nsnadeutayadriiilatzgninSeuiisuiuteyaiuninse iievinisusudieul
ToyailatnnugnAesEsty

3.3.8  N1SNAEBUNISUSTIIUANIULA28SNS EKF vulasy
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Abstract— This research presents the method to imp! the

the Euclidean di to match features between the two time

robustness of indoor UAV localization via fusion of visual
SLAM and Lidar SLAM with Extended Kalman Filter (EKF).
The visual and Lidar SLAM methodologies are applied to
compensate for different pose errors in various situations, such
as various lighting and reflection, respectively. In the
experiment, Lidar and a stereo camera with SLAM methods are
installed on the drone. When starting SLAM in both methods
will localize and provide position and orientation data. The data
will be fused by Extended Kalman Filter and provides updated
data. Therefore, if there is an error in either of the SLAM
methods, the system will continue to work properly. In the test,
the drone was conducted in various situations where the drone
is used to have an error using both SLAM. A result shows that
the data is obtained from the EKF remains normal in various
situations.

Key ds— EKF, lo Sensor Fusion, SLAM, UAV

I. INTRODUCTION

Localization is pose estimation that provides the position
and orientation of automatic platforms, compared to the
reference point e.g. starting point, or landmark. The
localization is a very important system. Because in many
automation platforms, like mobile robots or UAVs, position
and orientation are used in many applications in the
autonomous system such as autonomous navigation, and
obstacle avoidance [1][2]. There are several methods of
localization, the most popular are Simultaneous Localization
and Mapping (SLAM). SLAM is a method that uses sensor
data to localize with motion estimation. Along with creating
and updating the environment's modeling, the SLAM's
localization is highly accurate [3][4][5]. SLAM can be divided
into various techniques that depend on the sensor used. There
are two popular methods including Lidar SLAM and Visual
SLAM [3] [6].

Lidar SLAM is a SLAM method that receives input data
from lidar (light detection and ranging) to represent the
distance to surroundings, mostly 2D. Lidar SLAM can be
subdivided into several categories depending on the
algorithm. One of the most popular Lidar SLAMs is Hector
SLAM due to its high accuracy. It can operate in many real-
world scenarios [7]. The Hector SLAM algorithm, which is
applied with Scan matching algorithms, are algorithms that
compare point cloud datasets derived from Lidar over two
time periods to find misalignment. Then misalignment canuse
to calculate motion estimation [8].

Visual SLAM is.a SLAM that uses.an image from a
camera, whether it's a mono camera, a stereo camera, or an
RGB-D camera (depth camera). Visual SLAM will determine
the features in the image. And it uses two time periods of
features to calculate with a Feature tracking algorithm. This
algorithm uses every point of both time intervals to calculate

978-1-6654-3831-5/22/$31.00 €2022 IEEE

periods. And uses it to compute the camera movement that
occurred during those two-time intervals [5][9]. Visual SLAM
is quite popular for commercial development due to its low
cost. In addition, the result of the SLAM is accurate and can
be provided with 6DOF status. The commercial visual SLAM
of interest in this research is Intel RealSense T265. It is a
standalone device that can process everything on its own. And
it provides high accuracy and easy access to information [10].

In real-world applications, focus on localization to get
position and orientation. Both lidar SLAM and visual SLAM
are very practical. But both methods have their limitations. In
the case of lidar SLAM. It will fail in very complex
environments or repetitive areas such as long hallways with
nothing on it. While visual Slam needs appropriate lighting
conditions to operate [11]. Therefore, this research aims to use
lidar SLAM and visual Slam together. By using localization
data, that is position and orientation. from both lidar SLAM
and visual Slam. And combine two SLAM data by using an
Extended Kalman Filter (EKF). This method will make new
position and orientation data that remains accurate even with
lidar SLAM or either visual Slam will fail.

II. APPROACH FRAMEWORK

Lidar

Stereo camera

Fig. 1: Lidar and Tracking camera on the drone

The main processor used in this research is NVIDIA
Jetson Xavier NX, which has a 6-core NVIDIA Carmel
ARM®v8.2 64-bit CPU and 8 GB LPDDR4x RAM [12].
There is two SLAM sensor. First is the Hokuyo lidar UTM-
30LX-EW, which has a detection range of 30 m wide-angle
270 degrees [13], and the NVIDIA Realsense tracking camera
T265, a standalone device that can capable of self-processing
visual SLAM. and provide position and orientation
information in 3D or 6DOF [10]. Both devices will be
connected to NVIDIA Jetson Xavier NX via LAN cable and
USB cablerespectively. Where a lidar is mounted in the center
of the drone and a stereo camera is mounted in the front of the
drone.
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Hokuyo UTM-
JOLXEW

uss l Etderner

NVIDIA Jesson Xavier NX

.
Flight control walt |

Fig. 2: Diagram of the hardware framework

The data from the Hokuyo lidar UTM-30LX-EW is
received by a program called urg_node. This program takes
lidar data and converts it to /scan topic data which is a form of
ROS (Robot Operating System) data. Then /scan topic data
will process with Hector_slam that running on ROS. The
result is a map and 3DOF pose data, position (x, y). and
orientation (yaw). And another sensor is Realsense T265. Data
from this sensor is obtained with a program called ROS
Wrapper. This program converts Realsense T265 data into
ROS form data. This data contains pose and velocity data in
3D or 6DOF. That means this data needs to be sent to another
program. which will cut out some data and make it only
velocity in 3DOF. Then the 3DOF velocity data from two
sensors will send to an Extended Kalman filter (EKF) that will
provide the new 3DOF pose data.

Reabseme T266

SDoF pose & velocity

Fig. 3: Diagram of the software framework

From all systems, it can be seen that the main processing
that occurs in the system consists of three parts: Visual SLAM
processing on Realsense T265, Hector slam which is a
LIDAR SLAM that runs on ROS systems, and EKF that
brings all the data to be processed together. And it runs on the
same ROS system as hector_slam.

III. RELATED WORK

A. Lidar SLAM

Lidar SLAM is mostly based on scan matching algorithms,
which are transitioning and rotating algorithms [3]. Hector
SLAM is one of them. Hector SLAM uses data from 2D lidar
to process 2D pose estimates [7]. At the start, Hector SLAM
takes data from lidar to create a.map (environment's model).
Then receive data from lidar and compare it with existing
maps. Then process motion estimation to find translating and
rotating of lidar. And use all the obtained data to update the
map [14].

B. Visual SLAM

Intel RealSense T265 is a Tracking Camera used for
localization based on Visual SLAM principles. The method of
Realsense T265 starts with taking pictures. Then used feature
detection to the image to identify features in the image. The
feature here is the area or pixels where the image's color
changes. Such as around the edges or comers of the subject in
the image. At the end of this process, T265 will repeat the
same process. Then it takes the features obtained from both
processes, every feature, to calculate the Euclidean di
b the two p And it d which of the
two features should be the same feature. Then use this
information to calculate how the trend of the feature has
changed. And use it to calculate the motion estimation of T265
[10][15][16]. In addition, T265 has a special feature. T265
uses two fisheye lens sensors, allowing T265 to use stereo
camera principles. The feature is not only calculated in 2D but
in 3D this will increase the accuracy. And it also uses IMU to
co-process the data to provide higher accuracy and faster
update frequency [10][17].

C. Extended Kalman Filter

The EKF used by this paper is implemented through a
robot_localization package. The robot_localization package is
a program that has various Kalman filters. And one of them is
EKF state estimation.

X = f(xi1) (1)

‘Where x; is state at time k. In this paper this state is 2D
pose (x. y. and yaw) and velocity (%, y, and yaw)

The first step is the prediction procedure to predict
probable state estimate and error covariance as shown in
equations (2) and (3). Where &y and Py are the state and error
covariance obtained from the prediction. fis a nonlinear state
transition function. For robot_localization f is the standard
kinematic model derived from The Classic kinematic of a
particle, F is the Jacobian of f, and finally, Q is the process
noise covariance.

Rk =f(xg1) 2

Py =P F1+Q (3)
Afterward, the update step starts by calculating the value
of K, or Kalman gain, which can be seen from equation (4).
And using Kalman gain, data from the prediction step, and

data from sensors to estimate the state x; and error covariance
Py as can be seen in equations (5) and (6).

3]

Ky =Py H (HP  H'+ Ry ) @

Xe= Rt ) KN ) )
=1

Py = (LK H)Py,y ©6)

Where z is the 2D pose (X, y. and yaw) and velocity (X,
y. and yaw) data from sensors. R is measurement covariance.
H is the Jacobian matrix of the sensor model h. Where h or
sensor model is the part that will maps the state into
measurement space as can be seen in (7) where vy is the
normally distributed measurement noise [18].

zg=h(X) Vi 7
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In update step EKF will work two time. First is update
state by use visual SLAM data. The state from visual SLAM
update will use at predict state. And update it again by Lidar

SLAM data.

IV. EXPERIMENT RESULTS

In the experiment, all equipment will be installed on the
drone. Lidar is in the center and a stereo camera is in the front
of the drone. And do the test in the indoor environment to be
able to control the environment. The test is divided into 3

environments.

Table 1: All test environments and SLAM condition

. Visual SLAM's Lidar SLAM's
Environment s o
condition condition
= —
Normal lighting Work Work
room
Darkroom Fail Work
Open side Work Fail
hallway

The first environment is performed in a room with
appropriate lighting. To observe the data obtained from EKF
in this situation, both sensors and SLAM methods will work
properly.

yim)

T = Redlsense 1265
J < T Y e SLAM
& \T -FKF
05

1 P L

S
1.5
e —

m)

4 o 1 2 3 4
Fig. 4: Trajectories when all system works normally

From Figure 4, the test results show that in the case of
normal system operation. The results of lidar SLAM and
visual SLAM provide similar information. And when fusion
data with EKF. The resulting data trends show that the results
were not different from both SLAM methods. That means the
EKF did not generate system errors. And ensure that we can
use this method.

The second test is performed in the same environment as
the first test. But only for a few seconds after the test start.
After that, we turn off all the lights in the room. To interfere
with Realsense T265 and visual SLAM, to observe the
situation ‘where Realsense T265 or visual SLAM has a
problem.

yim)
- Realsense 1265
| Hector SLAM

xm)
-2 0 2 N

Fig. 5: Trajectories when visual SLAM has interfered

Figure 5 shows the UAV's total trajectory along the
x and y axes in the darkroom. It can be seen that the blue line
or data path from Visual SLAM stopsatx=2.5andy =-1.
Because the lights are turned off as the UAV travels to arrive
in this area.
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Fig. 6: Estimated position x and y relative to the time
when visual SLAM has interfered

From picture 6, The results showed that at the beginning
of the experiment Visual SLAM. LIDAR, SLAM, and EKF
were working properly. But after that when tuming off the
light It can be seen that the data from Visual SLAM has
stopped. This is because the stereo camera is unable to see
anything. Therefore, Visual SLAM is unable to perform
further processing. But at the same time, LIDAR does not
require lighting to operate. Allowing LIDAR SLAM to
continue working. And the EKF data from the combination of
Visual SLAM and LIDAR SLAM can continue to work as
well.
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And because the position obtained by all three methods is
the position that is referenced from the starting point, known
as the local position. In the experiment, the final position
relative to the starting point in the real world was measured.
Compare with the latest data obtained from all three methods
to find the error that occurred as shown in table 2.

Table 2: Error of SLAM and EKF in the darkroom

Visual SLAM | LIDAR SLAM EKF
Eror Meter Meter Meter
- x 008 011
&~ y 012 029
5 x 015 022
=7y = 011 (35}
x > 004 006
B

& ¥ 008 010
P x 009 013
s [y 010 020

The final test will be in the open side hallway. To interfere
with lidar and lidar SLAM, to observe the system in situations
where lidar or lidar SLAM has problems.

Altitude A

Altitnde B

Fig. 7: Test altitude in the last test

Figure 8 shows the UAV's total trajectory along the
x and y axes in the open side hallway. It can be seen that the
red line or data path from Lidar SLAM stops atx = 2.2 and y
= 0. Because of the change in altitude of UAV from altitude
Ato altitude B.

um) Resdsense 1265
8 e SLAM
I

[
5

Fig. 9: Estimated position x and y relative to the time
when Hector_SLAM has interfered

From picture 9, the results showed that at the beginning of
the experiment Visual SLAM, LIDAR, SLAM, and EKF were
working properly. But after that when changing the altitude, it
can be seen that the data from Lidar SLAM has stopped. This
is because the data from lidar has changed too much.
Therefore, Lidar SLAM is unable to perform further
processing. But at the same time. the stereo camera is 3D
visible. Allowing Visual SLAM to continue working. And the
EKF data from the combination of Visual SLAM and LIDAR
SLAM can continue to work as well.

And just like the case of the camera. In the experiment, the
final position relative to the starting point in the real world was
measured. Compare with the latest data obtained from all three
methods to find the error that occurred as shown in table 3.

Table 3: Emor of SLAM and EKF in the hallway

¥(m)
Realsense T265
5 - Heclor SEAM
2 - FKF
I
= A
F o =3 =
0 = ~
-1
x(m)
0 2 4 6 8

Fig. 8: Trajectories when Hector_SLAM has interfered

Visual SLAM | LIDAR SLAM EKF
Emror Meter Meter Meter
o x 019 056
[l 011 009
= x 016 026
G
= ¥ 014 025
N x 021 045
="y 009 = o
e < 019 = 042
g
3 [y 011 015
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V. CONCLUSION AND FUTURE WORK
This h the methods to imp; the

robustness of indoor UAV localization and make the
automation platform work in more real-world scenarios. The
method used in this research is Sensor fusion by using the
EKF method. This method uses the data obtained from
various localization methods including visual SLAM and
lidar SLAM, to be fusion with EKF. Therefore. when it is in
acertain condition that results from localization having errors
or not working at all. EKF will detect fault data and use only
the normal data to keep the system working normally.
However, EKF requires variances to be calculated, so in the
situation that the variance is not correct, the EKF will also be
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10.11091CPECTS49113.2020.9336995
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