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WONGSATHON ANGKHEM : DEVELOPMENT OF AUTONOMOUS ELECTRIC
GOLF CART SYSTEM FOR PASSENGER TRANSPORTATION BETWEEN
BUILDINGS. THESIS ADVISOR : ASST. PROF. SURADET TANTRAIRATN, D.Eng.,
90 PP.

Keyword: Autonomous Golf cart/Self-drive Vehicle/Artificial intelligence

The Electric golf cart has been widely used to transport passengers between
buildings that operate in semi-open areas such as shopping malls, airports, and
hospitals. Most accidents with golf cart are by the driver, this damage the golf cart and
passengers. The purpose of this research was to develop an Autonomous electric golf
cart controlled by artificial intelligence with mapping and localization by Lidar, path
generating from a High-definition map, Object detection and tracking in 3D, and path
planning for collision avoidance. These systems are for the decision-making of electric
golf cart controlling to drive to the goal of the mission. Velocity and Steering angle
varies with the curvature of the path. The controller of the electric golf cart is using an
electric signal for the Drive-by-wire system. The autonomous system is evaluated with
performance and error. The autonomous golf cart is test on the road around the
equipment building F5 with object on the road. The result of the object detection can
detect and localize an object in a distance not exceeding 9 m. and the mean-average
precision is 79.68%. The autonomous golf cart can drive by self-drive following the
path from the high-definition map and stop from the object 5.63 m or drive to avoid
the object.
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4. sanealanunsadonanudifivnnyanluusazannznisindeudl 919 Madilas
AMTINNNTI HEENSTULAAOUNAUNENEIAATI

5. flufivadeufeauuduninennisieiede 5 uninerdewmaluladasu? uas

segglunmsnaaauliiiu 500 WIRS

1.4 Uszlevfinndnazldsu

1. sonedvlulihdnluiRannsaduindouldmedates uazanusangavievaunan
Igilowwedsinuanamisasias

2. sanedwluihanunsaduindousalusBrimuiuiivenaiansle

3. syvudnluiivessanadnliihanunsonsiaduinguagseusumslu 3 Tale
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USNANITIUNTTULAZITUILNN VD

a v

ndTeilidunisfinuuazimunsanedWlnidnlud® dwsunisvudelaeans lu
dill a Y v . [ I3 (% [ wa
#unnguene1ms lagldnaeauay Lidar iWuwuiwesninlunisussaianaveseuudnlul
AI38lAviMsAnwAUATITIUNTTNLATUITEA9 TetadiioldlunsiTauagaun

TneasulglurdasialUdl

21 sonedwluiuazszuuduiadaudaglnii

sanoan il (Electric Golf Cart) Aasad1nsuldvuroIns odun1TEA199 SIuh9
avansluanunedn uazdainsliluinguszasddugegninieng fegdgui 2.1 T
sonedwluihazannsngglasaslévun 2-8 au drumstundouressnadwlnihaglddu
wewwoslwihaundaud 36 - 48 Vdc TusgiuniseniuusruuLarissiuli e LUnADS
Tneuowwesazivuia AC uaz DC lnsfindesmuavdmiuauaunstienseualnsilviu
valesdmiuNstuedou deirdavosueinedazgndsrumarduluiidelaenss lnod

szgemegegaavsusanaanluiinialuszedi 70-100 Alawns

5UM 2.1 sanednluilh Club Car Precedent wunn 4 7itfs



Y]

szuviuindeuselihAemaluladilémununisiuindeuvessnsudluiiagiu gn
Wamrldan1sviaudednyaiadliih ﬁﬂlﬁi%UUﬁﬁIuﬁaa’WWiﬂﬂ’m@Mi%UUlﬁLﬁ@U‘ﬁﬂ%u@
39z uszuudeduidsalnil (Steering-by-wire) ﬁgﬂﬂ’mmmﬂizw%ﬂamaﬁﬂ WJu
wawnoslwihdmiumUALM IR ININLNGY FoszuuAuselni (Throttle-by-wire) 7
muAunsdndnaudniidedisuemesiniunuainadduiniossudienlninielu wie
muRuusuiiseliuemeslusaliidi uazszuuiusaludi (Brake-by-wire) finuRus Iy
voswpavaluszuuIndesames wunieauiusn lnsssuniiammnldgnifaunandfuld
fusonedwldin il o@nwin1smuauaefinIuALLUY PID (Panithi et al. ,2019) Tnedl
seandoadd
2.1.1 szuutisuideluih
n13AuANNINAERI8liln (Steering-by-wire) Ya9sanadn gnmuIsiae
nshndasowasnihmieugunsniingm (Encoder) vilfanunsnaiumuaniealdaouy v
msmueslnenstaduieiowaynslidyanlaianaunudevessaned dgui 2.2
2.1.2 srUUAULIUaziUsn Y
AuLsaziusavassaneanlii gnimunlvianunsaldaulamenisdsduan

(%
o Y

Ul uazfnssuawmesliinionwuwesinyuiinalnavesdus « ianunsarmunuausy

e

gn359 wazdmsmnausvessanednlameda il figui 2.2 (@)

v =

zuuduLAdaunde il inun gaaluRuilessuuAIuANLUUTa (Close-

af

Aa ) s

loop control) fifdanduanisuwesinuu wagldmvaeuuu PID Fagnieulviusyaiana

MEUBSA Arduino UNO R3

UL 22 (#e) wanuagMasslalin (@21) mendelidi



2.2 guguUAInluLR

& v

YIUBUATUTIRLUITR (Autonomous Vehicle) Aosnubusiiaiuisadndulalaiossialeg
A = = o 1o & Y avwu o = v o Y %
ElagansTusaaufsiving laglidndudedifiuinesmuny dwgldnsiuianzwinden
(Y] [ [~ v € a ¥ o A 14
souAusn linazidu au @0 1129195 1AT09UNI895195 LEUITIAT LAZIOAUDUS UUTDY
UL AIYLLULLDTANNG LU NADY LULEDTTIATEazABLAY (Lidar) L9ulgasinzuzaae

AAWINY (Radan) L udu lngazdniisaiuauus ontreUszutananais lun1ssua1ain

wuweslUuszinanauazldlunisdedula udrdsdgulunivuay ssuudedulas N1
WAEANSLUTA UVBIUTULUR

Society of Automotive Engineers (2018) 1A Usgn1ANITLUITEA UVDIIULURA

LY

Fnlulh Aaud seAuNlUiinisyewdion13Tul eseduniinistuidnludflagauysel

NUATIUNITUUIRIN NTAAUNUINNENTVOIETUY NITINUUNUINYDITEUUBRLUTA Loy

(%
a o v

qUﬂSiﬁLﬂ%aﬁai’mﬁmﬂﬁaﬂmmmmﬁ’ma Tnguuseanidu 6 szauuazlndewlined

6§

58AUT 0 No Automation {Fudazidugaruaueiunivugsimuna lifigunsal

)

) 44 o A
FIYNRADIUNITTUY

=

iséﬁ’uﬁ 1 Driver Assistance foszausfigavasnududnlud® sosudaziiszuy
YIUNA K TUY 3 (Driver Assistant System) Tun15AIUANSOBUR LU TEUUAITUANAIINLS?
(Adaptive Cruise Control) 7 'JFJﬂ’.J‘UﬂEJﬂ’NZJL'ﬁ’J“U@ﬁOLLauiﬂH’l’iu pziiaiivaenfeansady

1Nt WAL TUT L TIAIRDIAIVANNINNNGY

Y

S¥AUT 2 Partial Automation sagufazdlszuUYIEIAeN TUTU UG (Advanced

Driver Assistance System %38 ADAS) lngazldlun1saiuaussuuUeAutiion uagn1sise

v & 1

A wideiusn lundeuduvisansszuy uikdulavdesisogndmnandouazdomieuiioy

Y
AIUANIARIEFIBIBERADN
v . .. . 1% (% o o a I3 a
SEAUY 3 Conditional Driving Automation a¥Ad8AUTEAUN 2 laeiisasunazd
sruuIemaesTulTuge waziin1ssuianmuwinaeu (Environment detection) LisiLg13n

Prelunisiaduladuiluiiuiinneg vesseuudeluii® Setul fdmfauiiosdmunuuny

ognaon WuAEIAufUsEiuf 2
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5¢AUN 4 High Driving Automation sagudsnludfnianuaiuisalunisaiuauile
szuuiinanuiianain vililidndudedidduinesidiseds undaunsaldaulunisdul

WUsEUUBRLURLle Mninmeanidu

[y

AU 5 Full Driving Automation sguusalusdifanunsaauausalatosisiun Ll

£ a

fodriaduiiuiildan lddndudesiidud samfensisadeluiflussduiaslidqunsel
dmTuAmUANTIveIR U LU Weay wluAwse wazwduiusn lagn1sdulvessyuy

o

anludAtlavanunsavinlavnegnamlounusneudnigTul

SAE AUTOMATION LEVELS

Driver Partial Conditional High Full
hutomation Assistance Autornation Automation Automation Automation

U1 23 sutesedveueudsalus@ (Ryan J Harrington, 2018)

2.2.1 wuwaslugusundnluda
srupuasalusiAsududesiivuwoslunsiuanimuindenseusisn dasam
lUfsan1znsiad sufivesiagusudsnlusifsie Tnsaguiuldinludagduiinsiaun
wueseineg Twgdunisiuildaulueueudsaluid wasmuiselugunsiuuiey
gudsaluiAfivarnvans liifiudefuavdelds sufiniumnzanvensuweslunisly
sniluwsiazanimuandes Faiinsduunuszanlifeinedslusudl 2.4 Taeflsvazidoaves

[

WwuLaskAazylanal
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Dhgptad Sice Maror
Surround View

Ul 24 iwueslugusudsnlusia (Zach Wendt, 2018)

1. wulwesinsyezauuas (Lisht Detection And Ranging %38 LIDAR)
ArgUnsalnlalunsinsseenia Inenisasuadlilunnnsenuinguan
dxvioundu Felguann1sues Time of Flight (TOF) mign1sinszuziiarlunsasyiouuIues

ndvufigues Weomwiundullusseznivaineugesisinguu viliaiuisauans
anmuIndeNeanulang 2 96 wag 3 4R Iustiunisesnuuvedguwes lulagdu Lidar
a1113a05793nlanaeANdNINNdd 150 Alawdsad wazlugunsaldmsuszeslng a1wnse

{ v

arafaldlnanda 250 wms Lidar 1ugunsaifireutrsariivsslovieganniunatsg fu
voamaluladerueusdsnlusdd wazidui dondaziunldiussuvvesuoud snluila
idesnidugunsaififiamuwiudmazanugniesesnisnsiaings aunsalvideya Point
cloud nn1smsraialdanden duteyamadannsatluldlunshunuiiuuuiidesssy

susislundonsula wun15vin SLAM (Simultaneous Localization and Mapping)

¥ ¥ o

Uaya Point cloud Ao Yayayaididunusly 3 15 Tuwnu x, y uay z

[y

Weuiugngase oy Iasnedeiudueuiges gaandadudmuntsuuiulan 9ne198eiu

AurdasUAUYaHUT lnguananniiiauaiteyalndiaunsanvziandiiunuainteya

'
L =

YIAIULVUVDILAIALNDUTNAINA VLT ULDST TIUIUBNAINUAINITAIUNITALY DULAIVD

nvllatue VattuegiunNuaInTaluMTInve L T AaL e



JUN 2.5 feeetaya Point cloud vasenueudsnluslf (Mario Hirz, 2018)

2. NAOIVTRLYULDTTUNIN
Humumeifiddyiandmiveusuddnluid Juviesuatiouaenives
uyuegildlunistusn ndeszdufinnmmenisnivazan nuindeuvanunseus s
Salusih iiedasolivinuszmnandvsunsduinguarssyiuvtsvesingueiazvin Tng

) [

nsvhauveindeziiaudnszandmiusiuadviiiannsenulisuwesfunmnegnynsiy

(%
Y

waasealniavenaudiy Felymudnuesnimilaainnaesranisiniledroanin us
! < a =~ o vy = v o ! <
agelsfinnu nisunlvanudadevesnmaiansavilamenisaeuiisuwaiusuaidindues
14 5 ¥ v a L4 % 6 o va A 1
ndeae wanantu naesdldgnnlunisldnudveusuddaluifneliaiusaseyssezann
Al usitlaannnisinsinaedvzgninfnasiinueueuddnlul@ viliyundesisaasuny
P v vy & o = =
A Jsanusaundgmillanisnisseussevveadadlunimainnisideoulusunsy vse
136711 Depth estimation
wennil nasalagnivauilviansaiaaudnlawiugiiu lnendesan
85le Stereo camera Wundesnfiiwuigessunin 2 wuwes lindnnisvesaumisuadng

wldlunisinssezanamituiin Jauniloutvasmuyudnuszidiunnuiudnvesdsiiula

3. Lﬁzjuma%’?mwzé’aaﬂﬁﬁm (Radio Detecting and Ranging %38 Radar)

< & o [ & o o ¢ ' YY) = 1
Jugunsaldmivinszesuaranuhidninsseninuaugaiiuing e
TUsE8EATINTUVBUTUEDS AIENITIINITAENOUVDIAAUNA VNN ALTULEDS LT URBINY
LIDAR lngaudvesnduingnldazeglutig 76-85 GHz uayszerluniinsiaduressuies

suifuszazUunanafie 80-200 m dofifeaiuuiug usdeideuas Radar Asyuuedlunis



M5297ALLAU UNALTULIDS LR E9ALAEIILATIVIA LA LN IATUNUIVDITAEUA YUY Lae

3

Radar 1 ulwulges A unuimdiAgyiussuy Adaptive cruise control 1l 8991nA13L52

LY v 6

dufinsvessapudsenitAudamiturugesnfianuuiugrazgninluaiuauansives

s = = v = v
TOUUA TITIUAINTUYATDNENUNUNID Emergency brake ndg

4. szuuszyidauunulan (Global Navigation Satellite System %3

9

GNSS)

v v o

AgUNsaldmSUTUA R MARUINgNdwIINAITIBY INLATYIE YRS

]

aufsuilaasseulan lddnandu GPS, GLONASS, Galileo, Beidu, IRNSS wag QZSS wiield

sryuvisvesgusuddnlulifvguduiinauunulan Jennuudugrazeglunaniunsta

9

[y LY

WwuAWnS Yuegiudnuiuvesnmiieuiaunsasudyals o vaslu

i

STUUNITYUTIs us U oaluldazuuseondu 2474 Aedrunissus

&

EN

(perception) fivsznauluaenssuiaaueatglukarn1ssusanmwIndousaue U uA

Y] wa v Ay v s = o v =y P a ¢
@@Iu&lmﬁﬂﬂﬂ]@%aml@"ﬂ’mLGUuLGZI@i 5'31@\‘1ﬂqiuq%@%amiUﬂUﬂigﬂﬁﬁNaLW@UigLﬂJUﬁﬂqUﬂqﬁm

o v 1

LAt wardluveansanaula (making decision) Mindeyaandrunissuiunlaluns

Y

é’mﬁuhszmwms@umamm}mL%m'fuiﬂé’uﬂmma (Claudine Badue at el., 2019)

2.3 M33uivaeuBuRdnlula

Foyatisuiianuwesueseusudsnlui 1wy ndes, Lidar, Radar W3 GPS az
gnihanldusznanaiielilddeyaaninwindeniiaziluldmunueugud Salusia Tog
FouadAiirenilldlunsdaduladusuusnaeteyasunisveseuoudsnlusia axinng

[
A [

TIsNMsUsEIanaiesyydumls (Localization) lagifisufiuwnuiivsefiinuunulan Feag

Fuiusunsasawawd (Mapping) ﬁLﬁU%’@gaﬁ%mﬁq%@@ﬂﬂﬁ \A3DIMNER5195 195193
¥9395195 Tdenanats Jswavideaveaunudiazunnseiuluaausiazsuuuy doyadn
daufien13n3I98uTng (Object detection) tlo5ugsuntsvesingseueuud snlusld
uenniduadddoyadunamansvessueusisnluifi (Dynamics of Autonomous car)

W AHEATRAUl LN AT ATAEY LarAT T
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2.3.1 Lmuﬁmmamﬁmga (High-definition map)

wnuT dnsus ueud s alud® High Definition map Qﬂﬁﬂ’mﬂ%ﬁuiﬂfmﬂ
Bertha Drive Project 1u¥ 2010 wsioun Ziegler et al. (2014) MWmuranlusiaadulsey
suR SnluA Mercedes Bens S-Class S 500 @315 siaeszuusaludfbuszesnie 103
Alawns vuauuludesuazvuun laglddoyatnguazyesasnasanunui 3 9@ High
definition map wlglunisseysmunikaznsandulavese usundnludlis aaun Fabian
Poggenhans at el. (2018) leiw1i@us Hisht definition map framework 74 871 Lanelet2
dmsunsasauarldau Hish definition map lneseaziBunvesunuiifiad1sde Lanelet2
99UsENOURIE 2 @9 Aediuves Point cloud map war Road lane layer §4 Road lane
layer Aogaideusonazidunseiidoudotuauduresnsias wazuenaniynnaziduves
Road lane layer §9a1315058 UL RdUREAT0 kazka1bnasasiadneie diuves

Point cloud map 9gLANIINATTAT 1WNUT 3 1AM 28 Lidar 138158071 Point cloud

registration

JUN 2.6 wnufianuazdengdlugUhuuves Lanelet2

2.3.2 nsa$1aunuil Point cloud
N13319 3D Point cloud map @&35n13 Point cloud registration ﬁwqwﬁﬁ

ey 2 nauf)fe ICP (lterative closet point) kag NDT (Normal distribution transform) lae
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Su Pang at el. (2019) laAnw U3 s UL 8UN19¥1 Point cloud registration Wadneisly
anmuandenaseniely Michigan State University #28n150 a8 aaulgos Tasavaieuas
Lidar Velodyne Puck LLaziSU‘Uiz‘qGﬁ W11 NovAtel PwrPak7 GNSS Inertial Navigation
Systermn 101 UTABUAT ST 52UU Drive-by-wire §831 Lincoln MKZ wieufupeuiiaines
Uszananady Intel Core i7 Fanaaaugiansiai 3D point cloud map Wuszey 350 wns
WUURE13e nUTRadnsesidesitanunsaadne 3D point cloud map senule s NDT
szflanuifilunmsussinanaiigandt wagildefianainidsvesnmsssysiumisiisny
ICP

Normal distribution transform #¥a NDT ifusane3fiufiaistuniiteussqioya 2
1@ TnedivdnmsvhaufensidFoudisudeyanisuany usunuilazldinmauioudioulaenss
NDT tfufonislémnuinandurnnsisufieudeyauanulunsmiundsmosiaes iie
ussgeyauanuluusiagiiumis (Martin Magnusson, 2009) Vil#3snsil idnusiedldnis
Uszananafigs WeiflsufiunsiSeuiiisudeyauanulnenss

n15UsENanavad NDT tun1sussateyananuiuilidvunglunismdiunyand

P = v o v

Anuziluveanisisuiiougaiian Jufisuseninteyananuiagtuivdeyauanuy

#1999 Tawazaulavianmsindeudinun rotation waw translation Tuduneuusniu Jeyauany
$adeazgnutssonifudiugons 1Sondn grid cell niolu 3 fifiazi3onin voxel Fedmiy
foya 3 dftu voxel nidudnumgrasgnuiar Tuusdas voxel asidayauanuagdidly
F1urunisiunnndnsruausiaefisausuld (minimum number of points) & wuinvas

voxel 1930 ueg AuA A dunvesdoyanan 3101y A1 average position LAz’

covariance matrix %Qﬂﬁﬂmmﬁ’maumi 2.1 uge 2.2

(2.1)

(2.2)
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Wo  py fa A1 average position Yastayauanuly voxel k

Xq  f® Yoyaaunu Point cloud Maglu voxel k

Y. #® f1 covariance matrix 204 voxel k
M, Ao 31uuvesdeya Point cloud fiaglu voxel k

Tae R Uty ki ldudauusuad voxel 1 UIU1AIUIUAIAIINYILLT U F 90T
AR Normal distribution Wuaglada@nnis probability density function (PDF) 614

aunns 2.3 Ml¥An average precision Way covariance matrix U84 voxel k 11352AIUIIA2E

Tudunoud
t
(xp,) ZieM, 6ep) (2.3)
e(x):=exp(- , )

ndudeya Point cloud NiulvgianMskanusoUinuazdomIuNTLUAnn

Mmeaun1s 3D coordinate dwmifunisiuastaya Point cloud input Fsldlansisaunisn 2.4

w, =R+t (2.4)
ge R Ao rotation matrix dwsunsvyuyy euler angle O, waz ¥ soULAY Xy

hee z

T fA® translation vector (tx,ty,t2)T

Tnefifuusyianunvas NDT aglaann euler angle way translation vector

Faanmsauanslddsgunnned T=(0L By, ty,t2)! Fsmaiuisuifisuiumisiiiadeudiain
Toya point cloud ALan 2 s0UT FUNUIA19TUITF LT Newton’s method Tunns
optimize fauUsfivil¥ POF wasntsuanuanssoudiawiifu gavineuds Wenaves
Newton’s method Hugid doga Point cloud 9Tnn1suanuvisaesssoufiazgnussgliidu
uwwdl Point cloud map wazifinmsUszananadeyafiuanuiiandnien Aegiililddeya

WKU7 Point cloud map Wuu 3 dfviauysel
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o 1 i3 = a
2.3.3 MITLYAULNUIVDIGUBUAIINUANUNAUALLDEAFS
M358 UAWNEITe U UR S nluslRAAI8 Normal distribution transform gt
gnAnwlag Naoki Akai at el. (2017) ¥9vNN15MARBIAT1UNUNYDY Gwangju Institute of

) v

Science and Technology @28 3D Point cloud a1n VLP-32 Lidar LLaﬂsﬁLquﬁﬁLUwﬂ Bk
dmiuisuiisuileszydumisiae NDT laslduugud Salusiaiwauiainsosud KA
Soul EV finda Lidar, GNSS uagndes @4 Lidar ihduwiln 3 i 32 channel asvafnldszey
11AN97 100 was FuTseuwnuiifdsanieluuninends ndefulssalanamiwian
foua Point cloud 7in5293Uld wuiwan1IMAaosaInsaTiorld NDT dmdunsszysum
YOIYIULUADALULTAUUULIA1DTY (Real-time) LW uAeIiuAun1sAn®) NDT 999 Sijia Liu at
el. (2021) fiawlafiazuidymnisunmevesdayaios GPS mﬂmiumﬁqﬁuaq?qﬂ@uﬂa%mw6‘]

o 1

shemsld NDT 91ndeya Point cloud Tunssgysiumisveseeudsnlusifunui GPs lng
gUnsniuazifesiioflldlunismnassile OUSTER 32-line Lidar dsfinssuuenusudlily JAC
Electric Vehicle wagvinnisnaassnielunning1ds Nanhu Campus of Wuhan University
of Technology Inefutivuauuiifiaesiadasasiennuia 20 Alawassedalus Jsnans
naadlauinanIssryAIunLaaIn NDT undSeuiisuiud1umiesain GPS wuinf1ay
HAWa1m Mean square error 989 NDT HA1 0.15 L6 Famreaaadn NDT Seuannselu

N3EyYIwianlnalAesiu GPS annsaldunulalugian GPS Tdtyaynae

100

—— Differential GPS trajectory
——Positioning trajectory

50

0

-50

-100

-150

-200

-250

-300

-350
-250 -200 -150 -100 -50 0 50

JUN 2.7 wnu? Point cloud Wagn1sseysiiuvitiaig NDT wWiguifiguiu GPS
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F8n1358UsumUawuY Normal distribution transform 138 NDT $uans1509148¢
31038 saIukuAalg NDT Alddeyauanu Point cloud uiazinsuUSeumguiu el
WHUT Point cloud k& N1sseysumieaig NDT agldniswIeuiiisuseninedoyauany

Point cloud a na1dagtuSeuiisuiuteyaunui Point cloud

2.3.4 N13ATARIVINYINAMN
1. MsupaiuvoaaIeadng

nMsupaiuvesreiunesazuanislunuyed Tnsdsineuiamesiii
Mgt uRowvinduesnudud Uuuuresamiisldlaediilude RGB figontain
Red, Green uag Blue ugtuuurosnniil uwindenududdwnuaududousu Faunn
vonvindusiazduazivnaiiiu tastuediunuasdonvainingis viesiuau piel
Tuled 8nfI0g199uy AR 720p Aazdvuinveauningning 720 wazend 1280 wie
AU 1080p NAzdluw1nning 1080 wazend 1920 laaAimnuldudly matrix upaztesas

Dusavguaesuuin 8 In seudanlusiavguduldusunasiaus 0-255 dagul 2.8

3 Colour Channels

Height: 4 Units
(Pixels)

‘Width: 4 Units
(Puoxels)

Ul 2.8 msueafiuresneufinesiesuuuud RGB (Mukesh Chaudhary, 2020)

2. lasstgunamiieuuuuaaulgdu (Convolutional Neural Network)
TAseuneUszan oy (Neural Network) Aan15UseUIanantaguhuuun

PNaRUsEAMUBINY Y n39T50U (Neuron) AT UszaanadnaA1suld ka6

[

Joyanedygrauliiuazieiluiiwaddus Inslassainsveslaserigussamiiouazll

Y

anwalgAagun 2.4 IagUsenaulume 5 diu fie
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foyatloutn (input) Aedeyaduavisuiimuszananalulinnavedlasatie
Uszamidiey

Yosad 000 (output) AoradwsiLininnszuIunisiieusveslasyie
Uszamiiiey
At (weight) Aorasiifildannsidouivesaseeyszamiion
AwinweldlunsUszananateyavidivestuiaa

lafifunass (summation function) WunasiuvestoyauuduasaAmimin

flafdiunsuvas (transfer function) Aensudasdoyatiewdliegluguuuy

Y9703 AV100N LU Tnuea e Tu (sigmoid function) g lnalauandu (unit step

function) Wusu

U7 29 lassaisvedasenesyamiiey

[%
o

Tassthedszamifisnuuuneuligiu felaswieussamiionfifiduresneu
Tgtududnurlulassaiavedasmisdsyamiion Fedunouligiulconvolutional layer)
wfunsldinsesnysznanasyvininesusalkemel) fugunm tilensewidearindnuas
iAu(feature extraction) Y84 MBBNIN 14U LdUYBUANARIFUS9wRsTRgANeY Tnedl CNN
915 Convolution layer sndfaufududun 1wWu Pooling layer wazInguves layer Hundou
ﬁ'uwmm%ju wazUsuLUa parameter U198 19 b ULABLNA N LYUVUINVDIAINTDY R

Convolutional neural network %ﬁiﬂ'ﬁﬂﬁ%ﬂﬂﬁﬂgﬂﬁ 2.10
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—|BICYCLE

— CAR

— TRUCK

= VAN
O O

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN CONMECTED. SOFTMAX

FEATURE LEARNING CLASSIFICATION

sU 210 TassadrsnsiSoudves CNN (Mathworks, 2018)

waznauazladeyaioen agdl Fully connected layer inniniieudoya

[y

anvhefieanain Convolution layer dmsusinnenadnsvosnmundn Tngvihivesusiay
fululassedszamifisunuuaeuligdussuneldned

Hu Convolution flagshmsgaszninagunimundriBusmingiu Kemel
Feagldnadnioanuiu Feature map feregndlugud 2.11 Sududfurosnudnuussiud

A999NUIINATINV YT LAEADSUDALUTNALUULALARNLIUIN WU 2X2, 3x3 Ay 5x5

[
|

Tueg IuFnYULAUYeIN NN FBINIsazanneenun daaufiegly Kemel Wuaglaainnis
a v = ) dll Y o a . = o v al

Seuvedduing Feazgauiuauluizes) uazuenan Kemel uia 84l Stride aviwinitly
N13AMUATINIUYBINSLA 8UTDY Kernel Tuunagassveinszuiun1s Convolution kag

Padding Mdumsiiuwunvesninuninlile feature map Mflauiawindu muaeu

1|]o0|1]o,]12}f0 1/0]1 14243 31
_'___

ol1]1]o| 2@ of1| 1| *kt4]516 | —p
1({0]J1]o|1]|o0 1|01 71819
1|o0j1|1|1]0 Image patch Kernel
ol 1l 1lol 1] (Local receptive field) (filter) Output
1]0|j]1|lo|1|0O

Input

gﬂﬁ 2.11 nspuaunIvastu Convolution (Anh H. Reynolds, 2019)

Fu Pooling A¥§udaya Feature map 9n4u Convolution tieyunanaien

v A

AdNBUETIdAYNgn wavanvuInveeyaiiaiiuauslunsyseaana 398U Pooling

uuﬁag 2 Uszlan Ae Max Pooling uag Average Pooling Img Average Pooling 9¥n¥94L01
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ANRREUBUUNING 2x2 VOITBYAVITIMALANYUIARIUT IWWAEIAUAY Max Pooling sl

Max Pooling agiienagagn fasegnalugui 2.12 Tngussinnveau Pooling ilealdun

ﬁqmﬁa Max Pooling

Max Pooling Average Pooling
29 | 15 | 28 | 184 31| 15 | 28 | 184
0 100 | 70 | 38 0 100 | 70 38
12 | 112 7 2 32 |12 i 2
12 | 12 | 45 6 12 | 12 | 45 6
2x2 2x2
pool size pool size
100 | 184 36 | 80
12 | 45 12 [N46

3‘01‘71' 2.12 AsgUIUNIT Max Pooling kag Average Pooling (Muhamad Yani, 2019)

n32UUNNT Flattening Aonisihaudnwazinunliaindu Pooling Mdulum

a & aa a v & a « aada
INYLLUU 2 U lI'WLi'ENFLﬂLTJULﬂJVﬁﬂ% 1 UpnUAd

€ a
ANULRYT

1(190
4121
Oy 21

Pooled Feature Map

Flattening

=RIN|COI=RIN|I IO

gﬂ‘ﬁ 2.13 n3¥UUNIs Flattening (PradyaSin, 2019)

N30T Fully Connection Aamstidayanliainnssuiunis Flattening

JudeyavidrlvidulasestieUssamiiien (Artificial Neural Network) iiaUssaianauas
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uneaudasiduvesnmend Faduunadnsiuedfuniseenuuuredlung CNN

AEANI

70
N2
XX

E‘Uﬁ 2.14 nszuiuns Fully Connection (PradyaSin, 2019)

Nnteyanudnuuziuildnnlasssyssaniiouuuunoulgiu nsae
izuaﬁ’%mﬁwaﬁmqLwiazsuﬁmiumwﬁjuﬁwaw?% &3 Ross Girshick and Microsoft Reseach
(2015) IffmunszUUnTITUTRgUUUNANRS Y010 Fast-RCNN fiaunifinuszdnsninain
RCNN (Region-based Convolutional Network) ﬁL“ﬁquL@amwﬁufmq%ﬂ Ross Girshick et
al. (2014) Fsluma RCNN unsasiadunuusesty ﬁa%gul,l,iﬂ%m‘flumsﬁ'n,auaqmaukﬂu
Ada8LAS 09ile Selective search wdaF e luid1 ONN vilwuadwsduausalunis
Uszananaveslunnas oglutag 2 FPS (Frame per sec) &1 Fast-RCNN léigmiundusnlag
antunaun1ITh Selective search Wlafiumnundaliiunisusvinanavesluna Tnelung
Fast-RCNN 114 NN Tunasmindiaulaudatianmanigdanui Asdnumeisuge CNN
ud2 lWuszananasose SYM Tildranusiulavesinguaazaia wazld Bounding box
regression Tun1sseyMunmisazvuind uuuouvesingluaiw dsnanaaeuiuyadeya
NAADU Pascal VOC 2007 vaslutna Fast-RCNN A7 mAP (mean Average Precision) 70
wazAsalunnsuseanana 7 FPS sawn Joseph Redmon et al. (2016) laWmuiszuy
mw%’uﬁfmquwL'Jmaﬁqﬁﬁwmu%umawﬁm (Single-stage) Tnevniauslasaadis CNN fidedn
You Only Look Once #38 YOLO Feillassadraadevne Convolutional layers 24 ‘f?u ey
A1Ue28 Fully connected layer 2 6831,; ImsJﬁﬂ"]mmm%’maamwmLéﬂ’ﬂﬂs‘]’mmm'%'aéu"la

Winfu 448x448 TpeNnsvinunevaduaazeanu iy 2 wia e AuUazidulazeLre
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[

Y8aNaeINnTIUTAglunn uazinisly Linear activation function lunntuvedaseaing

walilumaiseusivyadayasunin Pascal VOC 2007 wag 2012 3nuuisihadminly

U 9

nadeufiutndeyanagey Pascal VOC 2007 ldnanisnaaaufienl mAP 66.4 wagAusaty

n1sUszanana 21 FPS dadieulainlumaaiunsniinisnsiaduinglaluiiaiass 91nnis

Va v YV [}

WIgufigusendng YOLO uag Fast-RCNN #adefeenisdatunagldauszuunsiaduing

q

WUUNANSINTANUBIUGLNINDADNITIE9Y FelwwrAnazidantdlama YOLO wnlgau

ugmuguAdalud® mszanudilunstssiianaiunnnitsililddeyaiisansanelunis

o

fnaulavassanaa

U 2.15 msnsI9duimgdie YOLOV3

3. MINTRTUVINGIINNIWAIEY YOLOV3

You Only Look Once version 3 #38 YOLOV3 Ao8anaiAud1niunis
asaduingainamaeiiauwiuduazivizaniamlunisenaduiuunaaia 3
nsrUIunsuaslasad1aves YOLOV3 thy Wushudsddayiivild YOLOv3 awsaiiew
ARTUTRQUuUULIANISIlaRgawiud

YOLOV3 9g§ugunmandrdifivuin sxs uazdianudnindu 3 (RGB
image) TngAunfauazaugnvossunmlunheineaannsoduldlévarsuunn Juey
fuAuasnsavesithEysTInaNaLaY AU IR T Ul dnuseanis Tnenis

LHANANUNIBAZ ALY NINEINITONITAPIAIELAY 32 FeteuldANUazduni 416x416
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YOLO v3 network Architecture

Ul 2.16 Tasaa$1slauina YOLOV3 (Ayoosh Kathuria, 2018)

A dtuasiudglssaswes YOLOV3 Afiye31 Darknet53 Fadudu
YBINIANWULIAUINAN (Feature extractor) uaragladeyavieandudeyadudnune

WU (Feature map) A33UN 2.16 nuudauatudnuaziuazgnilusiuiuiutu residual

i '
Y =< o

Nvgrednwananyusuvesn1nld waztrlugdu prediction Naviun 3 YU Fellvwin
wANeiNeiu waveenunlasaas s busurdanuanAeie Inetayavieaniitu prediction
9eilUoyaves Bounding box wazA1 class probability Ussgeglulsazyes grid vestudaya
= v . & o A A oa S & [ a a [ ¥ [

Fatoya Bounding box wnilenavinugdniuiiusnauduingyiadeiulavaty box
Tlutea YOLOV3 wdeniiagld Non-max suppression Tun15591 bounding box taiiuli
I a Ao o i o v o v o v oo -

\Ju box Wwganddranudulageiign wazihlile box MilautalndiAssiuinguiniian
91n1u Bounding box gaveiiilunsevdeuseuingfinsiadulaainain azusznaulunie

Toya 5 ¥in Ao AUNLIVEIPANINAIE box TULLIMAY X WA v, VUIAAIINNITIMALAIILES

Y 9

v
o

Y9Ina83 wazA1ANtulalun150s193U Feananudula Uasdduunuviinvesingved

lueaiseus lay Bounding box aggnisnuanssiuiun mundnseniuseysiinvesingnd

a

A1ANTUlRgaRIgn fagui 2.15

9 Y

mMsUszfiunanisiseuivedluea (Evaluation) lunszuiunsnvziilunad
H1uNsseuuaNnUssiliuussansnmuazaiugnaesvedduing neunvzdnaulainluing

& A a a PN ! ° v = ) VoA Y = v
uu‘ﬂﬂi%amﬁﬂqwLW'UQWQW@ﬂqiuq‘lﬂisﬁﬂquuiaﬂﬁiLLmsﬂﬂﬁUUEQLW@LGU']EjﬂigU'JUﬂqiLiUuzaﬂ

v
[

AT lnensuseiiudsednSninvedumansiaduingainamiuaslienldiidin (Evaluation
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matric) 1513931 Mean-average Precision (mAP) @sfAaamuiugadslunisnsiadu

[

ag) Wedien Intersection Over Union (I0U) 3nldidugauusasnisuseidiu

Area of Overlap

loU =
Area of Union

U 2.17 38n3wans I0U (Adrian Rosebrock, 2016)

¥ '
a CY Y

N13AIN 10U uReiinnsananiunidewiuiuseninensouvesingile

NNsuevedliing (Predicted box) kagnseuresingfgnaed(Ground truth box) Mle

1% [
LYY Y

INNNTABUNTBUAIYLD LAYILANUIUINNNITUIDATIEIUTENI NN UNNGBUNUNUVBINIED

v 1Y
a o

A U 1 o dl
nIpULAENUNT NN fafegemsAulugun 2.17
N13AIUIIAT MAP 9HI5n15ARUlImEaT LAnnssuIunITsous I
wenafuynteyanaaeuimienly lnayateyanageviavldAneunigndesasliunga

NUU AUIAT 10U wazhusraflgeanidu 2 d1u Fzuienamuaigausues I0U Ade

[y

4@ 0.5 10U #an15n3393UMidlAn 10U wnndviserinduageusuasdnliegludiuiiiung
lagnaes waznan1InsaTunidairininAgensuazinlvegludiunviuieligndes
AANMEATIEIUANYNABITBINTITNTINTUA VDY LUYANAADUTINUA F9AT MAP VB9

Y

o v

LAan3333UIngINNN YOLOV3 imsiseusivgateyawuy COCO WuliAwiniu 55.3 9

0.5 10U uagauaztdenvaInIwuLtl 416 (Joseph Redmon, 2018)

2.3.5 msudsngudaya Point cloud

[

£ a ' & v va & a o o o o v a
Toyaingegsoueueudsnlulia [WudshdAgavgnialildlunisdndulaves

=S v

gIUBUAMEIANaNIRIUANYABASY Fatayadain Point cloud ldlwuwesinszuzaly

waslunisnsiainseudisaegnasaaiiy annsanazsiunldlunisseyudunuveasing
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#19q Niegsoue o laen1suuaingudaya Point cloud 3MNN15ANBIV8Y Anjani Josyula et

al. (2019) lalg38nsuusnga Point cloud wuy Euclidean Clustering dmsudnuuningie

et

seUsTUEUASRluIALUULIA193S Ingtaya Point cloud 71lA3N Lidar ¥Qnnsedsie Voxel

grid wazthuwvadudiugas s aa835n15 Slicing lasldyuuadlunwinaduduusdiu

'
a =

nnuutayaluusavdiuszgnavdruiiluiiuauusieds Ground removal Felddanesiui
N 1 { . 1 Id o o v [ .

29731 RANSAC Tun151191 Point cloud guluudussurukaznndneanty walld Euclidean
clustering Tun1s5aungu Point cloud ieglnaruwazfewlmduinguiafesiu a1nnns
noaeslaglddaya Point cloud 2 @3 90 KITTI dataset Miiudoyaves Lidar 64 channel
LLaSGﬁayjam‘fjj Lidar 16 channel 1iuainaiglu Indian Institute of Technology — Hyderabad

LU1UTEHIANAN 18U UTEUIANALUY Intel core 5 2.8 GHz WUTIHANITWUINGY

1 |

anunsaneningimnn A 5o uwardineasiswngneentd nedl anuslunisussananausdas
wsuiinuazidengegavestayadnn KITTI ag#l 500 ms uazdeyaiiiuiesegyi 50 ms

mnganuinsweningiiedeya Point cloud fag38n1sWUU Euclidean & awnsaldaula

¥

Tuan93s amsuengy Point cloud 1UWasTaunsadmldaulunaiadsled dadunissus

Y
'
% a o

Fwiavesingaig seufeusuAnansanaznavausdlinasaailiinanduing gy

WAFOUN 91U AUMARAUTINANY SaaMIaTiNeguNaUY viTeTngiiegilen vuvissnuulay

q

S9UTNY 9 NS895195 UNegaunuy

'
P

U7 2.18 (418) Point cloud 4441 (¥21) Point cloud AIlARINN"SUUNEAELTT

Euclidean Clustering (Anjani Josyula, 2019)
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n1suUIngudena Point cloud WUy Euclidean Clustering W 93 UN150477

aa

Point cloud Ainusiazisy Feloya Point cloud 3 &ifl dmsueusuddnludAtududoya
Pfivunalug) lnedaya Point cloud wdhazgnuunlundesdens feds KD tree
F8N15AUNILUY K-D tree %30 K-Dimensions tree 1UW3gn1suwusngudoya Point

cloud sanfiavassdruvasudaziny lnedasestayalundazinuiiaAuiuAlsegIuves

v

Yaya Point cloud lusnuiiug Wawlsnsunnunuluasawsn sglandesdmasunussyteya

Y

Point cloud 31U7U 2 Naa9 NHINUIUYBY Point cloud TuniaenaswinvsaunauLyingy ¢

fegelugun 2.17 Mnduaziinnszuiunsignauninlundagnaesasiduiudeya Point

cloud ASINUIIUIUNABINTS

kd-tree Example
level 1 level 2

gﬂﬁ 2.19 §29819n72UIUNT K-D tree LuU 2 R (Jeremy Jordan, 2019)

Jayanasdosiussy Point cloud Wwdusunuresdeya Point cloud ngudng
ggninuAIMiessesiseninuiaznaedlagldynnnalsendeadugnin tngld

A5IMSEELIMUU Euclidean distance Tun1sinwieu

2.4 n15AnaulavassugUADNLUIIRA

ayangnUszdanadnadunsTuiveseueudsnlud® avgnihunldlunisdnnig

Qe

nsndeunveseueuRsnludRanyasuiuludalmineveinsiiunig lnensussauiana
Tuduusnfenisadiandunis (Path planner) lun1sAuInaINToyamuniuas Ui ves

YIULUADNLUTR 92a51991NY9995195N @ salrsaTueaaulUle F9581IN9N1SAUNI9YDY
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g1ULUN DR LULRADILYNTAS 1 dUNI LN eraUNANEINAYI1Y (Obstacle avoidance) wazaiu

YBINTAIUANTAAULEUNISH (Path tracking control)

2.4.1 N15a31RFUNIIAUNANFINAVINY
NEINTUTV0IUEUASA LR TudiuvesnsanduladiuusnAonisasig
o ¢ o wa aa Al ] A a o
VEUNIIVDIEIULUADALULH 1a8IT N1 LG I UNITINIHULEUNIINAUNANFINAVIN9UD 981U
guAdnlulfnigds A-star gnuauelay Saeid at el. (2019) lngiwuINIsnLdUNIIAIY
A-star UNTEAUSOYUA TUN UNENNSTUIDATA LAYYINNISNAFDU UUANINLINA DU Az Ty
TUswN5UT1a89n31 1,000 ASIluan un1salinwansneiueanty A28n15911914989 A-star

" v ' '
(% =

1¥¥aya 2D grid map wagiuniavaseueuakaziimang Wendunendunaa e 1ueud

'
al

dalusifaztuiedauldlssinanleenluvudaiauing nuinnisvaasensadaiunsanazly A-

q

(% ' '
Y [ a o w =

star Tun1sasradumamaunanlansdaiauneiduingreaiaayingindueiouneglalu

BRELEN

1. ASAURLAUNILUY A-star

nsAundunstunisindouiinafanainyaisudunudsianugluds
Wmunefedfenuvesdaneifiu A-star ol Graph search algorithm #ignintulglunis
AUNMEUNIIBE19NINVINLALUIZAUNITUINN TN UNUSEUUVDISONBANE R LULRA Taey A-
star aglEMsAuM @ azAwINAdmsunsandulalunisiugausiazan (Heuristic)
¥ L3 GIJ QAI Yo 1 = % o‘a" b2 ¥ 5 %
AeHan T f(n) AMAIUTEUIUVBIAT cost UIBNTNEINTOIN A B lENINUAYDLAUNIINT

WAeUNNHUAA n 1ag f(n) @1U150ANINAILANNTT 2.5

f(n)=g(n)+h(n) (2.5)

W fn) Ao ATUSEINYEY cost TNVUAYBUAUNNTIATOUTNHIUMHIUAA N

A 1

gn)  Ae A1 cost MsaNITNINITAUNITRILAYALTUAUIUAIYA N

h(n) A8 ANUTEUNNBIA cost YiTaNINEINTAINNTA n agAvnY
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12 R R e R R KA. % obsmacke
11 @ startnode
10 ¥ destination node
g O navigabie node
B8 X, e PN genErated by
7 X iraditional A-Star
] A i
5 o >
4 e
3 f A B S
2
1!§<><x|><:-::><;<><x><:<

123456 789101112

JUT 220 F0E19NTAUNILEUNIINISIAREUTNRIY A-star (Chenguang Liu, 2019)

n3U7 2.20 Hudregudunianisndeundinnadiningasuiuauds
Wnu899n15Ra aun Laaldn19AunIR2e A-star il 9LAA DUN VAUA IR AVI197 LT U

d' = o 44' a{' o, v d' d PN |
LATDINUENINUINALALS NBULVRINISLARBUNLLUULAUNIINITLARBUNNEU E‘!@V]"Oglllﬁﬁu

a o d' -
ANNAVINNITILAABUN

2.4.2 n1sAUANEIUEUASALLTRAIAEUNIS
N13ATUANEUEUARINLEUNIGE Pure pursuit control agldqatlmung
NFUNNTTTEEN1INE LU NF8N71 look-ahead distance lngazasieanudunus

¥

FENINAUILI VB U UALTE U VLA UN 1IN SRR DUNNIBNITLHULAITENI R DN IUD 81U
6§ ¥ v -dy a v a ! U ¥ v E 4 4 4 -dg’
gudfuadivune lngidulAsdazdisailivindusses R uadldanuldsweadulasilung
AIUANYUAE IV ULUA
n13AIUANYIUUR S RludA AR aul A sLd un s udisnsnleney 2

8ana3sNuAe Pure Pursuit Control wag Model Predictive Control T Mohammad

v !
va o a =

Rokonuzzaman et al. (2021) la@nwiuUSeuiisun1sniuaueIueud s nlud@naedds @
38n19MUALLUY Pure Pursuit Control Aan1saruauleueud §nlusiAind oudi LU
\Whmanefiflszegsinsie look-ahead distance frenisadadulfanisiadoudl eniugy
TAN194aEAULTIVBIBIBUADIN Kinematic model Wo98MUEUA @I1UTTN1IAIVANLUY
Model Predictive Control Aan13AIUANIUEUABALUITARIENITUTHI AN LA 1INV DS
5¥UU VUl ugIuTes Dynamic model wase1upud udrdsmdsangnluamuauiianua

AMULEIVDIEIULUA NIDUAUTUAIE LU UTINaDANTITIARDUN LAgN1TANWIASILLA
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N1INARee WiuguAIANEANaIATaINsATUANTULY lateral wag Orientation 789
gusulutianamie ek 20-60 km/h Gamansnasedldasuliinderives Pure
Pursuit Control udresiomsthanldauaie famudesnisnisussananaiish Tuszansnm
Afinandaen wagiilszdvamlunsfesudumaldfidesaiFusuvesousudogludunis
nsiAdAeu uagtoRues Model Predictive Control AganuTAIuANN1ElARILUTVR Y
gusinivaInvans uaviluszansamgslunisaiuny usuandeaudesnislunisuszanana

a9

Y

Path

SUTN 2.21 N13AIUANENUEUARIEUNIIAE Pure pursuit control (Mohammad

Rokonuzzaman, 2021)

N13AIUANNIILNEBELEUASATUT AN dun19n191A8 UALUY pure-pursuit
HuimuauiiarUszinanasdsosmnisdellitujusuivies weudiirndundeulidg
90 look-ahead point Tutdunstramii Tngfiarsaniannuirlummsaduniiuiaed
e ugudadoufl 90 look-ahead point 95§ UlUT 1t uAeAugueud Tnedl
SYYLUNTTNINIUYUANU look-ahead point WinAuszeg look-ahead distance szue look-
ahead distance {Hussaziisnusuduosniumisiagtuilemuinidsesmmaisves

NIUEY f\]’]ﬂi‘lJ‘l/l 2214 mimmmmmmﬂaaamaﬁwwmaﬂimmqaamumnammn
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lutma Kinematic WuU car-like wheeled (R. Craig Coulter, 1990) mﬂg‘dﬁ' 222 fheaunisi

[

2.6 9l

2lsint (2.6)
S=tan™ ( )
g
de  d A9 5382 look-ahead distance
L D STULFIUADVDIUTULUA

A A9 YUIENINAANINITAFOUN VRIS UAN UTIANITENI NGB UAY

look-ahead point

) AlD BIAINITLALIVDININUNDE

gﬂﬁ 2.22 Kinematic model 984 car-like wheeled vehicle (Mohammad Rokonuzzaman,

2021)

91N3UN 2.23 Nuandun19Ne1ueuAAFouNTIINNITAIVANAIE pure pursuit

WU UAULEUNINISIAABUA waypoint Lazuanin1sueslufl look-ahead point Aae

528 look-ahead distance
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Look Ahead -

Actual Path

JUN1 2.23 Look-ahead distance wagn1silSeuliigulduniansiadeunneuguiadoud

IQEJMU@M’%EJ pure-pursuit AU waypoint (R. Craig Coulter, 2022)

n15U5UANTEEY look-ahead distance AzdsnaliinAudsulUawan1sAIuaN-
euguibiogluidunis nsusulieueusdindoudidun1anisindouniseausiininiu
lngldseee look-ahead distance ey azviliAuAaInLAfausEnI19Yn look-ahead
. [ . I3 a o 1 Y @ a Ao [y
point iU heading ¥a81u8uALIN WoRIAIUANEIAIFIANULS AT A g eenaUlY
PIUANYIUEWA NzvilAARNAENSATIUN 2.24 TRziinnsvgaduniakuy Overshoot dau
M3UsUsEEE look-ahead distance Miwaziulufvzdwmaliinnisidigidumstuasinig

1AL DL NI MEUNIINTHAADUT FUNIELAS

Small Look Ahead
- — — — ‘
A —-—-- Large Look Ahead
/ e o
// & — = o
, ‘

JUN 2.24 nan1siAGiounveIn1sUTusEYe look-ahead distance Mitosuaziwaziiuly

(R. Craig Coulter, 2022)
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35A L HUUN15IY

a v

ANSANWIVEY

o

wauensiaurszuuauansanadnlningnlud® laglddayaain
Naee WUWBTINTTeEaIukad (Lidar) wazknudl d1mSun1ssyudiwmia (Localization)
n193UTAQUUU 3 iR (3D Object detection) N13a31LHUN1NTIAROUTN (Path planning)

LAENNIATUANSIANDANAMLLEUNIY (Path tracking control)

3.1 NISLHBUNIS

Tutumaumswseunistasdunisauaisusalud

o

3.1.1 nMsAneAuAImazTIUTINIUITeT Rt 0q

AN®1ITENIT NTLUIUNIT UATAUATINIAIILS INLBNATITIIUT T
3N wilide wazunausisgiiisades Taun mqw{jmmauﬁumauﬂ%ﬁm
(Machine vision) nann1svesdeyg1UssAwg (Artificial intelligence) nszuIuNI5huNS
ﬂ’mmmaﬁauﬁ%méaﬁm (Machine learning) N3zuUIUMINTITUTNgMednyaUseivg
WNsAsI9TULUL 2 7 way 3 IR wdnnsvieuees Convolution Neural Network 1w
M3UsznananIn wheUssnanadnsunsUsEInanan I wuwesildlugusudsaludd
sswmuQumiﬁwmmaﬁzwﬂ’uLﬂﬁauLLUU Drive-by-wire Tusanadnlulin nsviunud
¢ Lidar M3a1ausuil High Definition map d1unisiadulavesiiulsnsuduazeuoud
FalusA Msszyiuniveseusuddalud@ nmsmuauauiazn1sad suflvessugud
8aludA SR MaNNITWBULAEATNSITA1YINIIABUN LMD a1 UTeNILIS Robot

Operating System Aan181 C++ Lag A1 Python
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3.1.2 nsweseusanaaninii

sonedwlnfinazdosinisoenuuugUnsaidudauagsunislunisiads
wuLERSARNADY Webcam Logitech €920 waglgulgasinssuzmeas Velodyne Puck VLP-
16 Lidar fig1uniinsanedyl LazeonuuumunisfngsnuioUseuiananalsi s undase
sfenniuszuullfgunsalingg anuummeivessnnedyl Tag Lidar Sussdosiula 12
Vdc 9nuuntne3 diundesazaiusaldinainaisid eusouuu USB 7110 eufuniae
Usvananananswessanedsldlnenss uazmiieUssanananarsvassaneantuagldlel 48
Vdc 21nLUnnesvassanas

[
2z o

Wuagaeniluldlunisussuiana

a

PUYUTLUIANAVDITONDAND P UL A

(%
v Y 1

ToYANNANYN WAL T U e adanIma1eanNndeaazdaya Point cloud 310

Y
(%

Lidar @331 Juazdosiuszansnmiiieanananisuszananauuuiianass lunisaneiasadl
JadenlduniheUszananaluuasuamesawimdndiuyana (Mini-TX PC) isznaulusie
$1128UsENIaNaNaa Intel CORE 17-11700K Lasnii8Useunananiunin Nvidia Geforce

RTX3080Ti

JUN 3.1 MsAnAsheUsvinaranasnuvassanadn i
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JUN 3.2 msfnsagmgaiauntisanaanlin

3.1.3 NAHOUIIULDS
ndosuay Lidar Aidnsdsuusanedlluiinaededlisenduilunisiuaandn
Tnsns§udoyassldlausnives Robot Operating System Inendesazdsdoyaguamesnsn
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3.1.4 msa%ﬂ\umuﬁﬂmuamﬁﬂmqa (High-definition map) wazn1snagay
mia%ﬁqLLmuﬁmmazL%‘&quwaqmuauﬁé’m‘[uﬁﬁiumu%’sﬁ%LLUQaamflu 2
du neadunsnieidousdslussuuves Robot Operating System lunssurdeyauanu
Point cloud uUszunananie Normal distribution transform mapping Fal33nnsfe
whosnisanedliihiinuauieiieluiulifteiiutoua Point cloud seuvinadiuiinng
auvessaneansalul® tneldanudailiay 10 Alawssdedalus Jeazldunudi Point

cloud map Muuwud 3 77 eonunludiuusn luduneulagaiilunsasisuaunismun 3
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35U 3.5 Point cloud map AunineIA1sATeLle 5
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JUN 3.9 uanstuneumsindmuviaiefnnlyng1ds

3.2.2 A15ATIIUINYIINAIN (2D Object Detection)
N1INMEITEUUATIITUTRRIINANE et Ui enldluwma Convolutional

'
a

Neural Network 7119 83 You Only Look Once v3 %38 YOLOV3 taenszuaunisiunas

£
LY ) U (3 (%

WAWITEUUARTIRTUIRgdmrsusaned ignludAldunaus uAuABNITWS YA INIBE
lngldsanaanvuiinainay sneuduazsanadn luyuuoILazanInLai1e AT uAgY
ANINWIARONYDINUTINTVINNUYRITANEANSALULR Tagun i smuaiiazgniseninyatoya
= v o & a ° | v W ¢ v v A A Ao
38 Dataset Wininmviaviaafiegly dataset uvinaesdydnual menisldiniesileniive
91 Supervise.ly (2021) Tunsasenseudeuseunukazsanaannusngluksazain 9N
ALl nivindyanvaludinuuguesndudndiu 20:80 Ao test set 20% uag train set
80% wathteyaniagly train set LU unsEUIUMISBUVOLUAaLaTUSEUIANALNONAY
Wil (Weight) vadlaiiaa YOLOV3 71dan loss #ign FeAruiniiniiaggninlunegsy
Auasalunisnisnsaduiudeyalu test set Gududeyanlunaliiremiuannounas
& Y a Ty A v a o v o eal
Juyatayaniwialiiiielianunsaussdivanuuiuguazainugniesading Inunadnsy
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precision #38 mAP vadluina Wan1udunoudiaidnduaznesiinsigvinadnsvedluing
Ay tnelSeuiaunu mAP 989luma YOLOV3 COCO wiagudumnuaIunsavadlainaly
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nInedeukAzaTURaiuToyaly test set ka3 LUNAABUAUANINKIAGDNATY NYIIRIA1Y



WBUUNINAIDEN

yindeydnunl

v

WUSNAUN WAL

Ussuanawm Weight

Ussanananadau Weight

!

Ussidiunanisvingou

A4

o
Y

JU 3.10 duneunisaniunisvensnaduingmenmn

JUT 3.11 g 1en1snsiaduingaInamaiemendeminsanadv

36



37

JUN 3.12 urudsnsviauessanaanlvingnludfsenineeins

3.2.3 msudsngudaya Point cloud
nsszyiuriavasinglu 3 15 agldn1suuingy Point cloud wuu Euclidean
clustering 1ueningquaazdu tnglunssuaunisilasdoudidslunissudeya Point cloud
910 Lidar wazUszanananisutangs Point cloud tlensaduinguuu 3 47 uasnageunis
UsznanalnguszianaanAinnuiaiudivasiums wazanugniesuesuinvesingd

nsraduldannnisulanguuesdaya Point cloud

JUT 3.13 MInegeun1swUIngsl Point cloud Auninvessanad
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3.2.4 N13A5293UIAY 3 IR (3D Object detection) uazn1mMAgay
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3.2.5 N156314 Grid map
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3.2.6 myasadumamaunandsinuang (Path planning)
dmsutunounisiaunmsaiadunmaauniniaguiedsiarnmesssuy
FuindousnludfagSuduil mafouddsfudoyanin Grid map Aseyliudriniudly
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N3¥UAIY A* avoidance lngidumangounlydilazaeseylurauunveiiesasas

3.2.7 M3AUANTANIULEUNIG (Path tracking control) Lagn1snasay

funouresnisiaunszuumuausanadnuidunnnedeuiilaeliiinag
ATUANLUY Pure pursuit tuduiulasnadsuddadie fudoyadumamandoudiildain
nsad1adunsvaud ainranms eldunnensied ouil 91n1dunanivedvsasns uas
Uszanawaae Pure pursuit dviuniuaueuguis alufdliduindeulunudunianis
1@ oudi i Lifid sfinvne Inedenadilifain Pure Pursuit avUszananaiisuiu Kinematic
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SYUUANAIY
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3.2.8 N15AUANAMITIIUNNTA
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Gill, 2018)
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NAN158kazaNUs18Na

4.1 wamsa%’qmwuﬁmmazuﬁaﬂqa

n1sa¥1susud High definition map dmsusanedwildguuuuues lanelet2 dulg
wUanszuIunsAsivaueendu 2 du Aedruiiidu Point cloud map wavdusewied
Wunsafradunanisiedeuil dsamanisdudunisairaunuiideya Point cloud Vs
anuivadey o auuUINAeIANSATosile 5 Mun1sld Normal distribution transform
mapping Lﬁaﬂszam%’aaﬂa Point cloud tJuuauiinuy 3 37 Tnenaassad1auauil Point
cloud map 91U 3 WKl NNTATUANTONEAN 3 TDUATNTEIIT1T Toyaunuiimani
Idgniumageuaugndasiasnisiusulfsurunavesunuiifurunavesiufinaeuae
lngldisnsinszuzlugnsngeg vyl Point cloud unlUswnsu Cloud compare Wigufiu
sypzadaiildaeinszoglunisin 910U 8 9 LilemAuAaIALAT DUYDINITAS 1 SUHT

Point cloud @siunslunmsiniieulauanssisgun 4.1

JUN 4.1 uansyadnifiguAianuAaInAiouuLwKUA Point cloud 8 99
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AN 4.1 HANITINAMUEANAIAVBILNUT Point cloud map

FLHZN (LUAT) AUARNALAGDU (%)

Aunedn | Ground 4 4 4 4 4 4
WHUT 1 | Weudl 2 | Ueudl 3 | wauil 1| weudl 2 | uaui 3
truth

1 791 7.97 7.87 7.84 0.75 0.51 0.88

6.75 6.72 6.69 6.80 0.47 0.89 0.74

12.3 11.98 12.38 12.41 2.57 0.65 0.89

9.35 9.44 9.21 9.46 0.95 1.50 1.18

22.36 22.13 22.44 22.76 1.05 0.36 1.79

6.74 6.69 6.88 6.81 0.77 2.08 1.04

11.15 11.21 10.95 11.47 0.57 1.79 2.87

O NN O POV DN

8.05 8.22 792 7.98 2.13 1.61 0.87

[

NNANITHUSTHUMIBUT LY ASIVBINUNNAABU (Ground truth) AUTLELNTANNLEY
7 Point cloud l9uaRIn1s197 4.1 d1USUNUA Point cloud “u18La% 1 Wawigussasnig
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NUANUAKINATDULIVTAUAIUARINLATDU 0.32 LWUHT WNINY 2.57% FIAIUAAIALARDU

1
T1ARAINNIITINAUVTOIAIINARINLARBUVDS Normal distribution transform mapping Wag
AMUAAIAAAaNINNTTEBNYATUlULALT Point cloud tWuLAgIRUAULKYA Point cloud
WNea 2 uay 3 aaunsoaslidunnueaiaedeunds 1neanuaaInAae LA UBIuNY

IMNNEIAY 1,2 wag 3 WullA19g7 1.15 %, 1.17 % Hag 1.28 % audiu Ay 91nn15asng
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Y a o

WKW Point cloud Wazn1sMAEEUMIAINLAAIALAE auTIwHLTITaiun Tusnuidelisuden
wuTineay 1 Susnuiindndmsunsasiswnndl High definition map dwsunisnageu
YU UADHLULIR

LHUT Point cloud 7 lda1nnsuanuituiinaaeuiida1AnuAaInAa uveInIg
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nageusnanlagnifenimhunairadunenisinioun lngd198a9nYesasiasasavunuuly
WuNnAgou a3 oo Tierdtools Tuiduias eefied la1sun15TANITUNUT High
definition map wuu Lanelet2 taigninanléiduaiesiielunisdnnisuasnisaiadunienis
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FATAUNING 2 WASHINAUAADALAUNINITAADUN LazTAANIINISAADUNVDLAUNIINTG
LARDUNIUTUUIRNT ATUNITAANIINITLARDUNVDIYDIDTNVTHIT18VDINUL AIF1DE19UD4

HANITAS AU High-definition map Glu:qmawhm mﬂgﬂﬁ 4.2,43 uay 4.4

JUT1 4.2 uwwil High-definition map veiiuinAzauIINIuLBIMUUY

U 4.4 uwuil High definition map veiuiinaaeuINyuLeIreIAsIATee 4
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4.2  WANIIVIASBUIZUUTEYAILMLGYDITONaN NI UIR
NNTEUIUMTAGBUNSTEYRRAVS asmisvessnnedw LilefnwiArmaansa
LAEALLLUEIUDINTTEYALMLLAI8 Normal distribution transform %58 NDT dwisusa
nedmlusi® Tnelédoya Point cloud 910 Lidar Wudeyalun1sdredainums Fdudosiy
FEmssrysiumiasngds NDT leigndudufsauusiugiluvisdnnds iWesannifuisnns
Weafufunsseydumislunszuiunisa¥rausud Point cloud 9nvded 4.1 wasiilels
udladnignisssysunisuy NDT Yuanansnihluldnudmivssydumisesingluse
noaSrlusiRld FeldasUnauasiinmesinantsvnaeudsl
MNMIVAADUTFUUTEYAUisveesanaansnlusiRfiuTnanuumienasiaiesile
5 AduaauiveaeuATidumInMnAusainafivsme dinnsieuiisudumisvessa
neansnlud@luunudl Point cloud Ausum s A1uanileda1n38 Normal distribution

transform fedaya Point cloud Yassanean ¥ibia1uNTaTURAAINAIIALARBUIINATT

Vegouavan 12 9a Tuwnunisiefeuil x kag ylanamisen 4.2 uag 4.3

AN 4.2 WEASNAATDIRILAUINIADINHNUALUSULNEUNUA LA LINNAFDU

. Ay (n3)
AU — A — e s T
do ANINUHUT nATIN 1 NATIN 2 NATIN 3
e WAL X | WAUY | WAW X | WAUY | AU X | WNUY | WAU X | WUy
1 0.555 | -0.702 | 0.689 | -0.672 | 0597 | -0.748 | 0.643 | -0.772
2 13325 | -0.705 | 13.141 | -0.720 | 13.442 | 0661 | 13272 | -0.748
3 25681 | -0.700° | 25536 | 0.764 | 25802 | -0.747 | 25710 | -0.756
4 53261 | -0902 | 53.304 | -0.937 | 53.158 | -0.982 | 53.341 | -0.960
5 42.867 | 20.125 | 42714 | 20092 | 4273 | 20.164 | 42.928 | 20.304
6 13464 | 49340 | 13380 | 49.318 | 13.547 | 49.288 | 13350 | 49.240
7 -18.060 | 76.472 | -18.095 | 76.586 | -18.140 | 76.441 | -18.122 | 76514
8 30344 | 59.043 | -30.331 | 58.864 | -30.284 | 59.230 | -30.458 | 59.124
9 30300 | 45517 | -30.341 | 45.669 | -30.322 | 45.449 | -30.380 | 45.559
10 | -30.300 | 33.084 | -30.238 | 32.954 | -30.347 | 32.894 | -30.189 | 32.924
11 -29.901 | 15696 | -29.885 | 15.567 | 29.795 | 15821 | -29.840 | 15644
12 | 115125 | -0306 | -15.221 | -0.231 | -15.082 | -0.322 | -15.162 | -0.277
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A519% 4.3 LanspdAaInndeuesiiainagoululAazALALl

ATNUARIALASBLVBIRIUMUL (1A5)
Auneiiin ASi 1 ASed 2 NEE

ALY X WAUY | BAUX | WAUY | WU X TGTRY
1 0.134 0.030 0.042 0.046 0.088 0.070
2 0.184 0.015 0.117 0.044 0.053 0.043
3 0.145 0.064 0.121 0.047 0.029 0.056
4 0.043 0.035 0.103 0.080 0.080 0.058
5 0.153 0.033 0.137 0.039 0.061 0.179
6 0.084 0.022 0.083 0.052 0.114 0.100
7 0.035 0.114 0.080 0.031 0.062 0.041
8 0.013 0.179 0.060 0.187 0.114 0.081
9 0.041 0.152 0.022 0.068 0.080 0.042
10 0.062 0.130 0.047 0.190 0.111 0.160
11 0.016 0.129 0.106 0.125 0.061 0.052
12 0.096 0.075 0.043 0.016 0.037 0.030
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Uiumtsikansuusanaaiiianfeunlungninusazanvema 3 N1snedey INUY A1519
#1 4.3 WiHaueInITIAFaUNTIEYAILALL 31001519 4.3 WLHMAINAAIALAG BUYDY

n1sseuAumisluLfazuny Wiasya YaLuAAENIINAFRY agau1TaINaTunIAIY

a

ARALARBULRAYYBILAAENISNAGBU TUNSNAFEUATIN 1 JA1AIINABNIALAGDUYBINITTEY

]

ALMUNRAYT 0.082 LUAT NISNAFDUASIN 2 LAIAUARIALAZBULRAE 0.078 LUAT LAZNIT

=
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Abstract— The Unmanned Aerial Vehicle is an effective
vehicle for rescue, search, and surveillance missions. A thermal
camera improves the UAV system to operate these missions in
the nighttime. Real-time human detection is an algorithm to

T and imp to be fully autonomous in
rescue mlsslnns. Many studies have led to the integration of real-
time human detection from thermal aerial images, but the task
remains difficult from various human features from multi
capture amgle and UAV altitude. This paper proposes an
experimental process for implementing real-time human
detection from UAVs in the nighttime. We choose the YOLOv3
model for real-time human detection. Then, we create a custom
thermal aerial human dataset that multi-capturing angle and
altitude. The dataset is captured in the same condition of UAVs
operation. We prepare and preprocess the dataset before
sending it to the model training process. Finally, we evaluate a
trained model for mean-Average Precision. The accuracy of
prediction is evaluated with a test set and real-fime detection
performance. The results demonstrate that the model can detect
a human in real-time with a thermal image from a UAV view
and the accuracy of detection is mAP of 64.8% in the operating
range of the UAV.

Keywords—UAV, Human detection, Real-time detection,
Thermal image, Nighttime

L INTRODUCTION

In recent years, Unmanned Aerial Vehicle has become
widely used in rescue, search and surveillance mission [1].
These applications can operate in a large area, difficult or
inaccessible to reach from the ground and thick area as thick
forests. UAV are equipped with various sensors for perception
as camera, lidar and ultrasonic. The ability of optical cameras
from the UAV system has been used to analyze objects or
humans. Nevertheless, the quality of images from a UAV
camera depends on lighting conditions, object in shadow and
time. Low lighting and nighttime will increase the noise in
pixels of optical camera images. The optical camera has not
been covered in all situations. Thermal camera has become to
solve that’s a problem. Instead of capturing the image from
visible light, a thermal camera has captured the infrared
radiation of an object. Rescue and surveillance missions of
UAV have been able to perform at nighttime via thermal
camera.

Images analysis and monitoring are difficult to identify an
object in the image. Video streaming speed and rapid
movements of UAV are problems and challenges of night
mission. Object detection has been used for searching humans
with thermal image. This system has improved UAV to a fully
autonomous system. Human detection in UAV has gained
popularity for search and reseue missions [2][3]. However,
human detection has challenged to performwith thermal aerial
imagery. Whether it be disparity features of thermal and
visible light image, less resolution and temperature of the
environment.
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Object detector has divided into two parts, a two-stage
detector such as R-CNN and Faster R-CNN and a one-stage
detector such as YOLO and SSD [4]. Two-stage detectors
have high accuracy for object localization and recognition,
whereas the one-stage detectors achieve high inference speed.
Many Object detections have been studied to detect a human
from a thermal image. Those algorithms have specific
ad and disadv RCNN [5] was used to detect
vehicles, humans and traffic lights in thermal imaginary. The
result is High accuracy but unable to perform real-time
detection. Besides, the YOLOv3 model [6] was used for real-
time image detection and recognition of human faces and gait
on thermal images. Besides that, YOLO-I [7] is a modified
YOLOv3 model for implementation with Human detection
using a Thermal camera. YOLO-I has adjusted some of the
residual modules and optimized the structure in the residual
block to detect small objects from low-resolution thermal
images. YOLO-I has performance for real-time detection of
the thermal image. YOLOV3 is a performances object detector
for real-time detection with thermal images from a normal
perspective. However, Human detection from UAV with a
thermal camera is still a challenge.

Object detection is supervised learning, this must use data
for the learning process of the model. The dataset must cover
the model's working objectives. Human detection of Thermal
images from UAV has to leam with the dataset that collects
thermal aerial images. For computer vision research, several
thermal image datasets have been published. For example,
KAIST [8]. OTCBVS [9], CVC-14 [10] and FLIR [11].
Almost all of this dataset was developed for use to detect in
normal view. Compared to Thermal image human datasets
KAIST, CVC-14 and FLIR l:ave captured humans, cars and
roads in the daytime and conditions on the ground.
There are no thermal umges of human datasets captured by
UAV. Even the OTCBVS Thermal dataset, which is a CCTV
picture, focuses on humans from a high angle view. However,
the above dataset is in a different format. Whether it is a matter
of resolution, image quality, temperature conditions and the
most important thing is the Perspective of photography. There
is no thermal image dataset suitable for object detection in a
UAV perspective. On the other hand, the collection of aerial
thermal i inary datasets i this research. The
study of human detection for walking path prediction from
motion with UAV [2] has captured color images of humans
from a variety of angles and altitudes. The above research has
explained the dataset acquisition for g the
efficient model of human detection. fmm UAV.

This research presents the techniques of system
development for human detection from UAV thermals
images. the scope of this study is focused on humans
identifying at nighttime and in low-light conditions. For the
putpose of using the UAV in real-time surveillance and rescue
operations at night.
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II.  PROPOSED METHOD

A. Architecture and algorithm

A.You Only Look Once, Version 3 (YOLOv3) Algorithm
[7]. This is a popular real-time object detection algorithm,
YOLOv3 has improved performance from YOLOv2 and
YOLO. YOLOv3 extracts feature of the entire image, divides
the image into grid S x S size, predicts and generate a
bounding box and finds object probability and a class
confident score of these boxes. YOLOv3 has the advantage of
being able to perform fast and real-time object detection while
maintaining accuracy. YOLOv3's work is object classification
as well as bounding box regression at the same time, which
differs from RCNN and Faster RCNN.

ot mage 18083007
Type Fiters Size ~_Output
Convolution 32 3x3  256x256

Cotvolution 64 x3/7  128x128
Convoltion 12

Comvoltion 64 B

Residual 1280128
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Convoltion 64 1ad

Comvoltion 128

Residusl ey

Convoltion 256 3x3/2__32x32 '

Comvoltion 128 1 — &
8 | Convoktion 256 33 —
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Convolution _S17__S3/7__16x16
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Fig 1 The YOLOv3 architecture Darknet53 without fully comected layers
is represented by the green box and upsampling is indicated by the orange

amow.
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-
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x| Convolution 1024
Residual B8
‘Avgpool Global
Connected 1000
Softmax

The YOLOv3, input images size 416x416 or any size
dividable 32, such as 320x320, 640x640, etc. are passthrough
Darknet-53 at layer 0 — 74th. YOLOv3 has used the Darknet-
53 backbone. Darknet53 are having high efficiency for feature
extraction. The output from the darknet is a feature map.
Down-sampled feature map are combined with features from
the residual layer. The features are then transferred to the
prediction layer in three scales, similar to FPN. The scale of
the prediction layer, feature layer has been stridden 32, 16 and
8 respectively. Default of input image resolution 416x416,
prediction layers grid size is equal to 13x13, 26x26 and 52x52
respectively for predict difference size of the object in the
image. The outputs of prediction are bounding box data and
class probability consists in each grid. The bounding box of
YOLOV3 has three boxes per grid for the result. The bounding
box from 3 layers of prediction is sometimes detected in the
same object. Non-Max Suppression applies to these boxes to
prevent multiple detections of the object. NMS passes one
Bounding box for each object. The Bounding box consists of
five values. The center position of the bounding box is
represented in x and y. box width and height are represented
in w and h. And ¢ represents the confidence of the object in
the bounding box. For the final process, The bounding box of
the object with the highest class confidence is projected onto
the input image for the result of object detection.
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B. Project outline

UAV thermal image |  Dataset |  Dataset
Dataset acqusinon preparmg pre-processmg

Realtime Object
detection testing

Fig. 2. Outlme of the project

The procedure of this study starts with a setup scenario
that approximates the UAV nighttime search operation and
records a thermal image with a UAV perspective for
cormrecting datasets. The corrected datasets are be preparing,
cleaning and pre-processing for the model learning process.
After model training, the results model is tested for finding
evaluation index and detection performance on the real
system.

C. System overview

This research proposes a technique for detecting people
in real-time using UAV thermal imagery. The preparation of
research and testing equipment is the initial step of the
process. A Hexa-rotor UAV was utilized to install equipment
during testing. Our UAV is equipped with Nvidia Jetson
Xavier NX, this is a Single-board computer for real-time
image processing. Along with a Wireless system 2.4GHz for
sending data to other devices through WLAN. A FLIR tau 2
Thermal camera with a gimbal has also been installed on the
UAV payload. The FLIR tau 2 is a longwave infrared (LWIR)
thermal imaging camera core and lens 35mm 9.3H x 7.1V
FoV equipped with the camera.

Fig. 3. UAVs thermal camera.

D. Data acquisition

Data acquisition or dataset collection is the first process
of supervised learning. The outdoor UAV's operating range
is flightupper 10-15 m. For obvious reasons, altitude must be
a higher obstacle or building and the images from UAV’s
camera reveal a lot of details at high altitudes. We have
designed and plan to collect custom datasets for use with
High-altitude human detection from a Thermal camera. Our
thermal camera has a resolution of 336x256 in the analog
signal. Jetson Xavier NX with analog to digital converter is
received data of images from the camera and converted them
to digital images in a 420x360 resolution. We recorded
streaming images into video format and saved them into
memory for collecting.

With the ability to adjust pitch angle, the FLIR Tau 2
thermal camera with a gimbal can change the perspective of
the image from a UAV. To detect a human at a variety of
heights. the camera angle needs to be adjusted for capturing
images from multiple angles if the flight of the UAV is
limited. the height of the UAV affects the angle between the
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camera and the human, the resulting image will change
according to the height of the UAV, azimuth angle and polar
angle.

We have divided the altitude of the UAV and camera
angle for capturing as follows, the range of the UAV's
altitude is 15,20,25,30,35,40 and 45 m from the actor and the
camera angle are 45-85 degree depressed from the horizontal
line for each UAV’s altitude. We have defined the lowest
altitude for dataset collecting following UAV’s operating
altitude. And defined the highest altitude from the minimum
pixels of the object in the image, that a human detector can
detect. When input image 420x360 (equal to dataset images
resolution) resolution, fine object prediction layer of
YOLOv3 is 52x52 grid. This means the minimum of pixels
of the object for a feature in the fine grid is 8 pixels. We
measured the pixel size of the objects for each altitude and
discovered that the altitude for objects 8-10 pixels in the
image should not exceed 45 m.

For recording, we have 5 persons as actors in the dataset.
Video is recorded in 2 ways, from the high level of the
building and from a UAV. Both recording techniques are
recorded with a fixed thermal camera position and altitude,
pitch and yaw vary from objects position. The walking
pattern is set up so that actors walk in a circle, recording
features from every azimuth angle in every polar angle. The
features from different azimuth angles are shown in the
following Fig. 4.

Fig. 4. Example of our dataset sample 1n different azzmuth angles.

UAV’s search and rescue mission must be able to
perform in various areas. Environment background is one of
the variables of the datasets. We plan to capture a thermal
dataset in two different back ds, these are land and

concrete. The infrared radiation of concrete and grassland
differs at night. Additionally, we record the dataset of
obscured humans behind the tree. Multi place dataset
correcting is shown in the following Fig. 5.

Fig 5. Example of owr dataset m different environments.

E. Data preparing

Each frame of the UAV"s thermal video mmst be extracted
into an image. The whole images are called datasets. For
cleaning the dataset, images that have obvious objects and
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clear images were only selected. The image that is not an
object in a frame and similarly feature (comparing frame-to-
frame and feature are very little change) are being eliminated
from the dataset. After the cleaning process, we have to label
the object in the image. Supervise.ly [12] is a platform that
we use for dataset labeling. We draw an enclosed rectangle to
object for each image. And define the object’s class, a Person
is only one class in this study.

F. Data pre-processing

The labeled dataset has to pass through pre-processing
before model training. The first step, augment the dataset to
be distributed and more diverse. we prepare the dataset for
the robustness of our model and prevent miss detection from

a change of various environmental temperatures. This step
has 3 parts as follows.

1) Flipping, increase diversity and quantity of images
with a vertical flip

2) Adding noise, generate slight noise onto some images.
3)  Shuffle, shuffling images in the dataset.

For the second step, the dataset has been split into 3 parts
training dataset, validation dataset and test dataset in the ratio
of 90:5:5. The training dataset has 13019 images, the
validation has 2248 images and 2094 images for performance
evaluation in a test dataset

G. Performance evaluation

The training process of YOLOv3 was done on
Supervise.ly with our customed thermal dataset. The loss is a
metric for using to initially indicate model performance.
During the training process, the loss was reported at every
checkpoint for evaluating the model on the validation dataset.
The loss metric was used to analyze model overfitting or
underfitting when training with our dataset. In this study, the
model was trained with 200 epochs and the best loss of the
model 150.0019. The Models weight from the best-loss epoch
was selected for our model.

To evaluate the performance of the Human detection
model, we performed a trained human detection model on a
test dataset with a 0.5 confident threshold. The prediction
result is shown preliminary human detection performance.

Mean Average Precision (mAP) is a commonly used
metric for evaluating object detection performance. This
matric is comparing the result of detection and the ground
truth. We used the result at the IOU threshold of 50% to
calculate mAP. The IOU is calculating the ratio between
intersection area and union area of two bounding boxes,
between prediction result and ground truth. shown in Fig. 6.

O Ground truth box
[ prediction box

Intersection Area

o0
= Union Area

Fig. 6
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H. Implementation for real-time human detection

The final step is to implement the model in our UAVs
system. This is a real-time detection model performance
evaluation testing. The UAVs were supposed to fly at a
height of about 35 meters and capture images to be streamed
into a processor. A Jetson Xavier NX downloaded our trained
model weight into memory. Robot Operating System were
used to run Human detection and stream the detection image
passthrough WLAN protocols. We used a Ground computer
station for checking the result of the detection.

IMl. RESULTS
TABLE1 EVALUATION METRICS OF THE MODEL
| Evaluation matrix = mAP(0.5IoU) | Precision | Recall |
Proposed model 0648 0810 0718
YOLOv3-COCO 0230 0438 0138

Evaluation matric of Our proposed method is
compared with YOLOv3 based on the COCO dataset for
detection performance on the test dataset. The YOLOv3
COCO[7] is a pre-trained model for comparison of detection
performance, this has 80 classes of objects and is included
with the person class. Table 1. shows Our proposed method
has a mean Average precision of 0.648, which is more
accurate than detection from YOLOv3 COCO with a mean
average precision of 0.230. For the reason of human features
from the thermal image and Bird-eye-view-perspective that
different from the normal view from RGB image. This means
the model training of YOLOvV3 with a custom dataset is
capable to detect humans on a thermal image from UAV.

(@)

(b)

Fig 7. Results of human detection on the test dataset (cyan box from
prediction and yiolet box 15 ground truth). The normal range detection result
m (a), lnding object detection m (b) and (c) show the highest detection range

The Average Precision of the model from the evaluation is
0.648. The above figures show a -detection result of the
evaluation process with the test dataset. All detections are
affected by the detection results in each condition of the
object's height, angle and surroundings.

Fig. 7 (a) is a result of a test dataset with a depressed
shooting angle of 45-85 degrees with a concrete and grass
background. And a height of the thermal camera to the object
of approximately 30 m, resulting in a distance between the
human and the thermal camera of approximately 30 -42 m.
The outcome demonstrates that detection was successful in
detecting people in this range. Because the image of the test
dataset appears to be in the same range as the dataset used in
the model's learning process. We can also see that the features
depicted in the image retain the person's characteristics, thus
giving such results.

Fig. 7 (b) shows the model's capability for a dataset with
trees partially obscuring objects. The angle of the object for
this set is in the range of 60-85 degrees and the height 1s about
15 m. Because YOLOV3 is a regression model, it has been
found that it can detect 60% or more of appearing human
features. In order for the result of the prediction to come out
as a human feature obtained from an image, it would be
necessary to be greater than 50% of the object’s full attribute.

Fig. 7 (c) is a dataset taken at a height of 35 m with a
depressed angle of 70-85 degrees to objects on a concrete
background. The evaluation result that the model was able to
detect sometimes. Because the features of the object from
thermal images of this situation are very small. Furthermore,
the resolution of Our Thermal camera is affected the human
features that emerge are ambiguous. And the angle at which
the feature is pressed makes determining what kind of object
it is from this point of view and distance quite difficult.

Fig 8 Companson of human detection on the test dataset between YOLOv3
COCO (left) and the proposed method (right) with the same conditions and
frame.

The above Fig. 8 show a comparison of detection results
with the test dataset between our proposed method and
YOLOv3 COCO. The YOLOv3 COCO predicts the person
are bird, dog and person with low confidence in some views
of the themmal aerial image. In the same view, Our proposed
model predicts cormrectly with high confidence. This is to
ensure the efficiency of Our proposed model is capable to
detect a human from the UAV in the nighttime.
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Finally, the Performance testing of real-time human
detection from UAV in the nighttime was done on our UAVs
system. A custom model YOLOv3 was performed on our
UAVs stand-alone system, that inference time of computing
can achieve real-time detection at 7 fps.

IV. CONCLUSION

In this study, we aimed to present techniques to perform
real-time human detection from UAV in the nighttime. A
thermal camera was used instead of an optical camera to
capture the object in the nighttime. Data collection is
implemented by recording human video streaming with
various perspectives using thermal cameras. It is within the
operating range of the UAV and this perspective results in
different features and influences the human detection models.
Dataset was used in the model leaming process with YOLOv3
algorithm. In the testing process, a trained model was
evaluated on the test dataset and implemented in a real
environment. The detection model can detect a human in the
height level of 1545 m and a depressed angle of 45-85
degrees, but the recommended height range is 15-30 m for
high accuracy. Furthermore, the detection performance of
UAVs system with Jetson Xavier NX is achieved real-time
detection at 7 FPS of inference time.
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