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VORRAPONG SRISAARD: DEVELOPMENT OF AN AUTONOMOUS PARKING SYSTEM
USING DEEP REINFORCEMENT LEARNING IN A SIMULATED ENVIRONMENT. ADVISOR:
DR. SIVAPONG NILWONG, 85 PP.

Parking is one of the most challenging activities for all vehicle users, especially
with the ever-increasing number of cars. Finding a parking space becomes more difficult
and increases the risk of collisions while parking. To improve the convenience and
speed of parking, Artificial Intelligence (Al) for automated parking plays a crucial role.
This research focuses on developing and training a model for an automated parking
system using Al technology. A simulated environment built on the Unity platform, a
powerful tool for simulating realistic scenarios, will be used. The Al model will be
trained to learn parking behavior using Proximal Policy Optimization (PPO), a form of
Reinforcement Learning (RL). This technique mimics human learning by focusing on trial
and error and rewarding actions, similar to training living organisms by rewarding correct
actions and decreasing rewards or penalties for errors. The primary goal of PPO training
is to reduce the distance between vehicles and obstacles and increase parking accuracy.
The performance of the Al model will be evaluated in various simulated scenarios, such
as parking between two cars and parking in narrow spaces. The expected research
results will lead to the development of an efficient and safe automated parking
assistance system in real-world environments, thereby increasing convenience and

reducing risks for drivers in the future.
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3’=02Wixi+b (1)
i=1

lag# X; Aedeyadunn, W; Asaumidn (Weight), b AsA1luda (Bias), O A

Activation, n fia S1urudeyadunnianun Function Wi ReLU [91w3e Sigmoid [10] figae

Y 9
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U 9
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v A

n13LAARUNANNAIINTY (Gradient Descent Update Rule) #iadl:
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Reward r
Agent pNN  Policy
(S, a)
l Action
51210 d - Environment
< Ay
7 /
Parameter 8

Observation State S

5UN 2.2 fegrsaninenssu Deep reinforcement learning

2.1.3 mn’%auﬁuumﬁ%uﬁﬂé’a (Reinforcement Learnineg: RL)

a sa

AadrunilveslyguseAvindudunmsasulnsuiamesiseusiiunsianeuiu
anmuindeueussaidmuneinmun Inglidesendedeyaseuniinastaaumilounts
a i IS 1 a Y1 a Y £ Y

Seuswuuldaeu wiaslseusinun1saesinaegn wazlasunadeundulusuuuuvessnda
wazn1sasmuiaUsuNgAnssulAmINzaNTan NUgIuN9ARinAIansYRINISISEUSLUUESY

[

mas waglimalatenseuiunisanaulaves Agent Tunindinatans Jauinisaensadnluis
anunsaesuglamonssuaumsandulanuusnsmen (Markov Decision Process: MDP) [8] <
Usznaudienveiiuls 5 0679 fie S, A, P, R, Y aefi S Ao wnvesanue (State) 3o
ANINNEBIAFIUNULDTI, A fD LRUBINITNSEIN (Action) 1 NSIEED, ANTWTHURULSS
P #e aathavdulunsiasuaniug, R fe afdusieTa, Y @@ Discount Factor firvun

ANdAURITIialusuIan



=

5U# 2.3 fReE19uad MDP 8gadreilanuaniug (naudider) kazaeani1snsein (3anay

ddu) niouapdseia (gnasdd)

Wnnendnvesmisiseusfentsaumuleuevse T AvIiRan o ULNUaYaNgEn
lnganuduiusseninaausdagiunasyadfavlasu amnsassuiglenie aunisiuaduay

[

(Bellman Equation) [12] Asasuniseialui:

V(s) = Ex[Rerr + YV (Ses)| St = s] @)

Tagfl VT () Aeflsituyarvesaniuy s meldulove T, Ex Aodraands,
R4 1feseTaiildsusiud, ¥ Aofiuszneunisanneutiiermunninudidgyreseuinn,
VT(St4q1) Ao steridugarivszifinvesaniuzdald Sy q aeldulovis @, Sppqfo
anuedaly Tneddeulviaouzdudy o van t fe s (S = S) aunisiidmnumanei
yar1vesanu v Wiy s1taildfuiiui vindu yarvssiduvesaauzdaly Fadu
Waladfaivild Al asnsarawnuarotile lilvuasadulaamendnvindy fofu ans
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ANMBUANUTN 9o UlaNdag 19897 UTEUUNAUITOAS 1M UUIIADIENINWLINADULUY MDP
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WADINUN UL ToAUMNUlg U gNliNanR UL A aNEaEn

AGENT

Observation Action

Policy

1

Reinforcement
Learning
Algorithm

Reward

ENVIRONMENT

gﬂﬁ 2.4 fpgan1lnenssu Reinforcement Learning

2.1.4 Dee Network (DON

AB DANBINUNITLIYUSLUULATULTIEN Wiothunlduny Q -Leaming wuusaindadl
Fosrinlun1sdnnisiuliymiiidl State Space vualnalngldlnsiDeep Neural Networks i
nsUszanauAvesilsddy Q ununisld Q-Table [13] Aflvwslvaiiunitazdniuldognad
Useavsnm Taseas1sues DON Uszneusieesdusenaudidey téun Replay Memory dadu
nasiulszaunisalnsidnauresdunuy dvanimwndeulilutiesuazisenlduuudy
isijmsﬂﬂLﬁaszhaamﬂfyjmmmﬁmﬁuﬁ‘maﬁa%a Target Network Jadulasstneuszam
Wisugaiiaosiidnaend1ainiaietiendn vn 9 C tunsuiioanaruliiadesueanisFous
wae Exploration-Exploitation Strategy [14] iy €-Greedy fildnuslenialunisidennis

nszvuuuduiedisavseldennisnseyinilvianeuuvugegamvesilendu Q
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Reward (rt) fent
Agent

Deep Neural Network

Qfs, a)
Optimal Action
o EZ & i
: ol —— Environment
Input X Output
laver Hidden layers layers

Observe State (s,)

sUfl 2.5 fhegnaanniinenssuves Deep Q Network

2.1.5 Convolutional Neural Network (CNN

=

Ao JUkUUNTveelaTIvngUssanigulgednfieenkuun i 03LAT 181 LAY

1 [ o v

Uszananadeyadanmlaeanis lneaunsaseuinudnyusdify nanlalnednluld

Y 9

[
a v

Tnglddasiamnisivueiiaesdeie wieuisn1sauin 1wy Histogram of Oriented
Gradients (HOG) [15] %15 ® Support Vector Machines (SVM) [16] CNN Im”qﬂu°11U1%”1u
vanvatgueUndLadu 1wy n1sandilumin n1snTaduing uagnsdul Saluld lae
29AUsENOUTBY CNN Usenauniae 3 d@aunan Lawn Convolutional Layer, Pooling Layer
waz Fully Connected Layer & suilazd ufinii17 wazn1sfmuiun1and aaans i difey
il

1. Convolutional Layer i{uduvialadidgves CNN viutiiiadnnadnuazain
ToyadunmriusingeaiFoni Kemel vi3e Filter nsvUIUMTMUENNMIIEBUFINTDS
TUmunmdunn ndud keI INTeIaRATEieinaresn M uAvewiaNTos B
ANU19003 UL LANIYANNITN WAL FERTEINTUNITAIUIAT Feature Map (2) t ALt

(i, j) ﬁ/ﬂﬁ:

- H-1 w-1
Zi,j = Zu=0 v=0Xi+u,j+v ’ Ku,v + b 5)
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Tnadi Zl-’j AD WHUNNLADT (Feature Map) NAAWSAFIUNUS I, ], Xi+u,j+v Ao
AfiniavesumIndn ndunn (Input Image Matrix) a4 siwnds L + u, j + v, Ky 5, fo
ANYBUUNINGAINTDY (Kernel/Filter Matrix) a4 s U, U, Fuanidenuanvazianizi

N U

Qﬂﬁﬁﬂ@@ﬂll’] WU VOUNIN LAY ‘Vi%@ﬁ’ﬂ@ﬁ’l&l, HAv YUINAINUEIVDININTBY, W A8 UU19

ANUNTN YBeINTeY, b Ao Anludd , I, J Ao Afaduvsiinwaves Feature Map Nadws,

U, UV Ao @AuUsauil (Index) d1SUNITIUTOUIUINVDIFINTDY

2. Pooling Layer \OUT U v ni1 anau1afl A Ue 3wnuy 113935 L 981U

windwoskaznisiulaluluea saudsietdesiuniag Overfitting lawnisidaniaunu

'
=

ToyaluudazuTian R 8 2 Uszanman aln Max Pooling Aianisidanen pixel NdA1niign

Tuusnauiu asaunns:

Y = max (z (6)
max (p,q)ERi,j( P.CI)

Tnofl Yoy A0 Areadwsiinieaiflidnunniigandssinnsin Max Pooling, Max
fe flaidundarnanidmsvmangegn, Zp 5 Ao ANYDINNIEAUULHUT 90T A sihuvtle
(p,q), R; j fi9 Usmwes Pooling Window a4 siunvs I, J vuunuifiaes, (p, q) fe
Afasiumdefiog meluuiian R; j, 1, ] fe Widadundsvastoyanadnsly  Lawes

Jagiu

3. Fully Connected Layer Gﬁyuqmﬁwﬁmﬁﬁﬁ'aﬁuuﬂﬂszmmaa%aaﬁaﬁllﬁmﬂ
Fupourownth Tnsuanmsuiudeyaunuiifiaeslidunnines 1 77 uardudrglasemie
Uszamiflsnuuusais iilefunaimuinsdureudaznana Tnesinldfleidu Softmax
luaLeasanying faaunis:

e’ @)

Py=jlx) =cxr—%
k=1€



12

a v

Taedt P(y = j|x) fo Araanuraziu (Probability) iteyaduns X azdnog
Tudssian J , e @ Arasfinsadinenans (Euler's Number), Zj A ANBIANARY (Logit)
Tuawesaavinedmsuszian J, Zk fie Anerdnniv (Logit) lulawesgavedmsuuszian
k, K #o sruaudssinnvidenanasianun (Total Classes) , j e fudsunutszinnithmaneg
fifpsnismanuninandu, k Ao fuusduil (index) dwsuthinsiurvesUssnmiianun, X

14 a

flo Tayadunnuay Y fie mudsguununadnsusainndoya daaglinadnsiduainiuiig
Juiidnglunmazdnegludssian j :ndnuiudssiavvianun K dafives CNN Aeaunse
=) vy s L Y v IS a a | a8 Y a v Y

Seusiesandeyaninlalagdnluifuazilused@nsningninisnuay awnsasessuteya
vunlgAlianududaulan ualiteiduaadedlinsneinsnisussulanags lagianisiile
lasshedauanunuaziainisteyadiuaunn lunisinsduivedesiutamn Overfitting 34
9133 nduneslinisusulassasidanauazltimaila Data Augmentation TiwisngauiuaLLea

avUssian [17]

o|jojo0|0|0|0|O O
o|l1]{o|o|o]1]0 O
o(ojofojofO|O
oflof[o|1]0|o]0]| convolution Pooling FlatteningO
.
o|1|0|0|0|1]|0
ofof1f{1{1f{0|O0 O
o|lo|o|o|o|O]|O :
Input Image
H | Input
layer of
Convolutional Layer Pooling Layer a future
ANN

gll‘ﬁ 2.6 Convolutional Layer Wag n13%11 Flattening

2.1.6 Proximal Policy Optimization (PPO)

A8 JULUUNIIYRI8aNEINUNSIS U HUUWETUSY (RL) Uselan Policy Gradient

Y

feanuuunieuiaminisaivauuwasnsdndulaluiuiinisnsgyiisediadaeanie @9
annsassuiuleviensandulanmisanngalalagdnluld uazianuateslunisindugs

N71135n1999LAL 19U DQN N8N Ugy1AINRUKIU %38 Trust Region Policy Optimization

I U k4

(TRPO) [18] A Zmnududaulunisduangs PPO Idgniluldlunarnnansueundindy
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[y

$AUEY LU NIAIUANIILELA, MSLaUANNALNS, waznsTuTsnlusid Tnsesdusznaunas
NIEUIUNITVINIUBY PPO Usenaunae 3 d@runan baun Actor (Policy Network), Critic
(Value Network), waz Clipped Surrogate Objective wazdruintifiddalunisuseuiana
nazUFuUTensBeus liun Actor iWududaiivimihiiiSsuaiiou nszvin’ Inesuteya
an1uy nFaIndenuaryiinisduidennisnsssin sunisuanuasnNLnsuSeuin
Hwanevas Actor Aon1sdumuleuieiilinanauunugean nszuiunsiade funisarn
Anudnuarly CNN udivdsuannismilieesfidunism 'mansevinfidiige” Tuaniunisaitug
sieldfte Critic \udnivivihiSsuailou §saliirosysyifiuinaniusdagiuil Agent
agiinnufAvsantiisdla lnun1sAIaAIAIANSaNanR UL ILAZEN Toyadn Critic zgn
iluldsumaeuldiuiey Wovendinisnsssid Actor ilentiu findhanadsunfunn
Toauiedln Sutneanaunususi Tunisilney dauanvineAe Clipped Surrogate Objective
dunalniladdgues PPO Miviminiiasuaunssuiapuleuvighilfudsuntasluege
suusaAuly adrefudu Pooling fidnnsosdeya udlufitifents Clip Aenminagduoinis
nsgyilioglutasiiinun mnnissuimmiiudmalimafme fiudsulvinniuly ssuvaer
nsaAnduAud edesiuliliussavsnmueslunannasesanssiuiu Ssanunsaiden

(2
v A

Lﬂuauﬂ’ﬁwqﬂﬂﬂj@ﬂqaﬁﬂﬁﬂﬂu
LCMP(0) = E.[min(r.(0)A,, clip(r,(0),1 —€,1 +€)A,)] ©

Tneit LELP(0) Ao iafdutnguszasanvuiinisdanouos PPO, B Ao
AN1518mes Uagvuveslaseneuleuns, Et A9 AIAIANTITIUTEINY (Empirical
Expectation) fu 1281 £, Min @s WQﬁﬂ?’umﬁmmam‘ﬁ’m%’ULﬁaﬂﬂ'wﬁm"’wﬁqmw’iwam
Fouly, 14 (0) Ao snsvdrmarmtrazifuszninsulevnglnmiduulouiewa (Probability
Ratio), Ay e flsiduanuldiuiouusad o wian £, clip fe faiduniserinvouien
LilvanAundndaedidinue, € Ae Arasiloweindines dmsuimuaveuwnnis
Wasuwaslevisuay t fe dvunaiiiagdu defives PPO e fanuiaiosguuazuiugu
wisineslddenitdaneifiusunounti aunsasesiunsnsgiuuusiededldfooy 3

Wz AUUAIUANSEUA kazllaunanaseninsnnudielunsunluld wasuseangain we

q

Todsfeillitoyadudenindaneifiuiuy Off-policy UrUssian [19] iflesnsediu
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[V
v a

PoyalvinnaTaninisdunauleue wagnasefen1simun Reward Function NsanuLively

lingRnssuiinenIs

Experience Environment

(Energy and FCAS Markets)

A

Trajectory

| Policy Gradient
Update n(als) |

gﬂﬁ 2.7 fegean1Unenssu Proximal Policy Optimization

2.1.7 Game Engine

Ao woNAwIs framework fisausauiedosilenazszuuiisndudmsunswamnny
warn1ssiaesanunsallilud q Wen daglidniamnansaadisuazdanisesrusenous
q Iegailuszansamlnglaifosdeulin Low-level code uanlvaliienun asiusenaundn
UsEnaumig NSIANLSULABS L UIUE NS UAN 2 U5 way 3 A, STuudnaesiland, syuusdes,
Al, M33an3Bune, uazszuuia3edis Tuilagtiu Game Engine Aildsuaudealulanis

v

gAAIMINIIURALNITITE taln Unity, Unreal Engine wag Godot Jausiagdiiianiauiuansig

a

) l = . = A 1 o I3 v '
AU N8R Unity Nﬂ’lﬁﬂ&]ﬂ%quq\ﬁ@ﬂiUﬁaﬁﬁJLL'WﬁG]‘V\IE)iiILLﬁSiJGQlI‘UumWUU’]ﬂIMiy, Unreal

Y

[y

Engine TamusiusnunanwAsFinfianaieseiugs, waz Godot (Humenlduaslemmume famiiiy
ANNMAETDSTUMANENMIIUTUNTH TuuSunvesnwidenulyny1Usesivg Game Engine
lagnuunldegrsunsvargluniswaniwasindulumanuguiuy DRL H1UN1591809
anmuIndeutaiiousss araslinsnaaeuuazsinun Al fiauwiug) Yasads wazdl
UsgavBammganiimamaaeululanass lasiamzlunuiidoseidonsassiinassgniiinang
Foege 1wy netudSalud® dwfunisAneil §35edenld Unity Game Engine 1asdu
20223611 wlpsarniduunanlosudidaumunzand niunsise Intellisent Agents Tng
Vi’ﬁmus"mﬁumm%qﬁa Unity ML-Agents Toolkit [20], [21], [22] §s¥2e19% Unity a@unsa

Wouranusuisn Python APl Anaueni1ullslameadedns (Remote Procedure Calls)
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gRPC [23] 1l o5 udadayan1sdunanisal nwugeswaza1dnIuay Laog1359aLsn

v
av A

ANanansadidfyves Unity 2022.3.61f1 flatfuayunuideilusznause:

1. AT UL OUNIINIEAIN: 5895UNI5918090Endn U Nvidia PhysX [24] vinlw
ANNIaTIaDINATATEIIUNIILE WIAEAVNY wasn1sruldeg1sanass Sadutlieddyly
msilnstushunilnZeudulouemsiuiinasade

2. mdudounsussamduia: asnsadiaesdoyatidlivarnvatssuuun
Foyanin mnndevadoufidnnuauais uazdoyassozynsfisiasinisvinuveswuleos
LiDAR

3. Usg@nSamnisineu: seuusessunIsismusinisdiaes laaaindnianaseds
100 111 uagsesUNSHAAULULIUIY Manefunuwiendy Farasanszeziiailunisiiu
Toyasiieg9EdmTUdane3iiu PPO vise SAC laagnesn
FenmauiRimantives Unity 2022.3.61F1 Ssvimifiduunasesunans fidasandesing
szminmsiiasataznisldauase uazhrelunmsiannssuuiulsalud@lifianuaainuay

Uaandudeau

<unity

5UM 2.8 Tsunsu Unity dmsuaseaniniinaeudngaes

2.2 NUNIUTIUNTTY
2.2.1 Improving parking availability prediction in smart cities with 10T and ensemble-

based model [1]

mddeisenuuuwasimussuuinenmmdenldnuesivensaludlodeierlng
ysanmawaldlad loT saduliwamsBeuiveanismuungy dmivilnnsiuaginedeya
LmumﬂsﬁmiﬂizmamamWLLU‘ULauﬁﬁmm%’u%uqq IpedinnsiUSeuigudana3fiungy Bagging
e ¢ Boosting 1a'Ln" Random Forest Regressor, Bagging Regression, Adaptive Boosting LLa g

Gradient Boosting LitaAunlsinaniuiugngn wiineuideneuninasiieuld Deep Leaming
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%38 CNN Tun13n5393unn uikuameliiiunsdnnsteyadiiay nwugesiteannududou
waztiaUsEansnm deyaannwuesazgnasinunangludssuunandieyssiiana lngna

1Y) 9] ~ a ca - a . . v
nsneaesiuyateyaivensailevuaiiiuanandliliiuindaneasiiu Bagging Regression (BR) 1
UsgdvSnmgeaamerinnunaandeuduysaliafe (MAE) ies 0.06% FeusuuseUssaniam
TifnI1IsNTegiAundn 6.6% wisunsivannnududouvesszuuliegaideddny Jeamnse

Wluussynaldiieandamnisasasiisdnainmsumiivensoluadisdlaegeivss@vzam

2.2.2 loT Based Smart Parking System Using Deep Long Short Memory Network [2]
NuITeieanuuukaiaLINTBUNTINNUTEULIDATNS T BElngy s sinalulad

loT wazlA3 9U 8L UL 11 Deep Neural Network LUy Deep Long Short Term Memory
(Deep LSTM) é"m%"uﬁflmaﬂ'sfmw%’aﬂ%’muﬂuaaﬁyuﬁa]amas?fqzjé’ﬂwm%’a:ﬂalﬂuaqﬂﬁunm
(Time-series) Ingllanna Deep LSTM fidiaslaniinlunsissudmudusiusseezoiuay
snzautumstansteyaiidenuduiunannnnitlasseusyavienwuy Feed-forward
vl degyaaniuznissensaargnIusmnwue fuazdwulslnneanisdoans LoRaWAN
uaz MOTT lUsszuunanis il eusssnanadoyavuslvajuazatvayunisinauls laesanis
naaestuyateyaionueifsntandlyiiuinsyuuansainedwiuiisonsninldesnsd
UseAvE nwislufivesaniudl Yu uazaan lnelirianueainedausiiniunadidafuogig
Polynomials, Fourier Series %30 RNN 553301 3 sanansniiludszgndldifioansyezinailunis

AunnvensauazantymmsaasindaluwadeddegalugUssy

2.2.3 Daimler and Bosch’s driverless parking gets OK to operate without human

supervision (3]

NUNAILLEBNLULKAENAZDUSTULUINMSUT0 L URRssluld Ineysanmsmalulag
eUEUAYEY Daimler 1iulAsIasaiugLdansusYes Bosch Lialisngudannsaduiniouuae
Y v o Yy A ¢ = o & No Ao va o Y
wWhaealaledlagayseilaglidediuywdnivay Fnlumalulag Pulidnluinsesiu ¢ Nlasu
eyl ldouassduginsziriuadusniulanlnemienumnuauavetessull seuuyhay
Tngigoulosrind wasinueUndatuansliy sasuivzini auiinnyasudsludianend
Mvualag AeNITUIMINIINNTUTEIIaNa oY AT N UTENI1YULLDS UUdIsaara Unsal
lassaseiuguifasinglusimsaense wenandddiniseenuuussuudnaalndmesemend

d‘ U d‘ U U Y Y ¥ U o
L‘W@izqaa’mzﬂ'mwamiumimazyﬁ]ﬁiausmiw3’mmumm§m SAE 3134 Han1INAIUILLERNS

TiwwiszuuiianulaeadeuazUszdnsnmaaiismenazu] Uansiaeusimineutudises 1
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waannde FadedusunuudAglunmstimuansgiukesng seidoudmsunmsdyasiasssuy

vansalsautuluaunan

2.2.4 Smart Parking | ot Based on Edge Cluster Computing for Full Self-Driving
Vehicles [4]

midetioenuuuuaritannszuvaRensasEs srd S UseuF TR oud TRy
suiuulngldimalulad Edge Cluster Computing Weuftamdasitadunseansuasninens
MIUTTINANAYBITs U luaNNRaeNTneg19eImIsIensa Insuldassasenisvhauesniiu
Edge Terminal fiinssmsii@sldansawas Raspberry Pi uaz Mobile Edge @ sassnenus v
kLU dmsumsSansiiu 3T wazn15tn e svuulddanesiiu
nmaideusienuungy Aligunsal Edge an1nsndoansuaziUd suaniuyszving Follower uag
Spanner Lﬁ"aﬂizmaﬁwé’wmLLazé’umstiaqaamﬁaﬂsaUﬂquﬁaﬁqﬁuﬁaamiaLmumﬁﬂizmawa
LUUREY MInageuszuuiiunstulusunsusiass Raspberry Pi Simulator (Rasim) tneka
M3VAaBILEnIliINIINITINN1 Edge Terminal 113U 13 9ADEINMALZAN 61LNTAANTZHZNN
waznalunsindeuiiileduiisonsalsifie 47% Weifioufuauseasauuuiiily eiigaillsin
sruUithefinUsEans nmnsusmsdansndsusarananuatdlunisd wenluituiin

WaumaiuwnsangMeuanyinlaenn

2.2.5 Review on the Safety and Sustainability of Autonomous Vehicles: Challenges
and Future Directions [5]

£
a v aa

NUAFYTIATILIALUNLFUDLUINIINITH AL LY UA T ULAR DUD ALULA baekii U

a s

Unaasdeuazaud g usmunsUsEanatayaan Sensor Fusion uazdayanusedwganu Deep

<9

Neural Network #1135 Un 5333 Ukazdwuning Sudsnun Ui luan nwind oun dnain lag

=

Wisuiisumslaluma YOLO ilaswmusuaanmsatuniswdsdiunmuagyinunenseuing

v o =) & o g v ! o v % a
wiganiunsvihukuus salngd Aulaea ONN Alianuwsiuggalunisanan s nwued
Fugouniinnalinsngnsnisuszaianaunn it daunsssuimumiaaznsdmldinaianis
ALY AN LIDAR, Radar wagndaes i ukkuiANasidungwag GPS Lilaantadninuas
wuwesluan1raINIAEII e Tayan1sTuTUAENITATINTLYNLTBULENUTE UUADENT V2X Ul

A = v A B ) v & v < =

\wse1e 56 BehelvigunmuswaniuAsudeyaiulas@sanug lneg1sans lngran1sfinm

Fliiuinnsysannisdanesiiunisdadulanieiesssuddussuunsnduiidvszansam
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ausaanAd 91N TR waznUszansnmmsland sy aduwunmedaglunis

MYUANINSFIUNVNNEMAZNNTAT NANNEBNS VT IR DS UL LD IS srlua AN

2.2.6 Deep | earning-Based Autonomous Driving Systems: A Survey of Attacks and
Defenses [6]

]

mATeidruarieneimuiunaendevessruus e Tund ous Mlulai
Uszinanasewalulad Deep Leaming newiunszuaunsviauwedlaseneussamiiienlusu
mM35u3 dwsunsniuwariwundngrtuteyaannwuwesvianvila Wy naes, LIDAR uawlsans
TnednsfinrsaulaeaiifiuszdnBnimgetns YOLO wag Faster R-CNN d1msunisasiaduam
$7ufl1 Voxel Net dwfudszananadonya Point Cloud ufmelulaimant sz elunismous
Fumaazmsdaaulasuuissalngd uinanisAnudlimduisrnudszuisemslaudions
BN WU ASTUMUAMUIwes T aN1sUaeuUatea waznslaumgalsing fiasa
Fauaasunalundiieviaeniuiag Al %@yjaﬂmmLE?{IEJ\‘IL‘Vi’d'Wﬁgﬂﬁﬁu’]ﬁlﬂLﬂiWﬁLﬁaLﬂUSLLU’J
yamstiostudegnuasded wu maflnduliaadisfegnasting nisaseausdoues
g15AISuarNIITRTumNARUNARIUSEUUAATIA WiasnseRuAT BT BsuaYALUADARBTRS

seuuneunlUUssandldlugnannIsueueuiase

2.2.7 Computing Systems for Autonomous Driving: State of the Art and Challenges
[7]

[
v A

mATedAngiuaziiaueannenssussuunenfivmesdmsusneuddund ou
anludAlagniunisysannismaluladiwugesviainuiin 1wy ndos LIDAR wag Radar 1Uiun1s
Uszanananae Deep Leamning il an1ssusanmngeuwaznsinaulawuuisealnd lagdnns
\Wisuislunansiaduingserinmsyga R-CNN Aidienuusiudgatulunansena YOLO @4lsk
Uszansamsnunruiifimienituasmnzautumsidaussiuuiesnuy daunnsasadiudes
95195l WanaIn3snsaaiseds Hough Transform aniunsldlaseineussamii suwuy
CNN uag LSTM audladeadrislunsnsaduidunsiidmnalfmsolasiaiiesdudou doya
US10uuv A INILULILes 38 NUTELIANAN 1UBTTALITIANIENN 1Y NVIDIA Drive AGX 1138
FPGAs TisosiumehamuwessyuufoansuuuiSealys way Middleware 8813 ROS Tnguvagy
%jml,ﬁu'j1LLﬁmﬂIuIa?ﬁ]ﬁ]ﬁ;ﬁuwﬁnwﬁmﬁié’amLN%zymmﬁwmSﬁﬂﬁigﬁmmmﬂaamﬁsiuamw
MeaEe MUslnAndany uaveuEiesvesszuy dwndudedinseenuuusuiusening

gnsawIshazganiwsnsanueussal e stuTsaludRsedu 5 agsauysal

9 9
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2.2.8 Deep Reinforcement | earning for Autonomous Driving: A Survey [8]

v

[

a o a (3 4 o U v U Aa
NuITpldTakarinTeinIsUsenaly DRL dwsuimnsyuunisdedulanasnis
¢ o 44' o wa T =~ v o I
AUANYBITIEUATURMABUSNIULR IneyadunisiSsuiuleuienstuld Tuanmuindeundainy
Fudaunarilifguwnanesiunilussavanmegns DON uay Actor-Critic Falanugaveulunis
danstiuanuliviueuvesanmkInaeulafnINENIAIUANKULALANBEN PID %38 Model
Predictive Control (MPC) 11/n#89efeMuuTIaemnNAtinfansNn1ef diunssuIunsineE
Tualdnisiasesiueedulfannewmssgs W CARLA uaz TORCS iaUsviianatoya
AnUEAINWULEINA DI LIDAR tneilid vaneliloanainid eeuastoeingseninen1sinaseiu

v A

lana3 s Tayad vy niuusudsawuilen §us1938 wavwmalla Reward Shaping Ll 9434

Y

a 4

nszUIuMs3eug WnenansAnwdliiiudiszuu DRL awnsadnnsfivnuiidudeu wu n1s
TRUHUAUNI MIUYI Wagn1sdansmauentaegelivsydnsam Feenunsathlulssyndldiite
ENSEAUAINARTALUNSTUTIRLLTR Iuan1uN3alasale Inadndusoaiansaniuavnenisiig

ruUaensiekazUsEavsnmlunisldveyadiegwaugiuly

2.2.9 End-to-End Model-Free Reinforcement | earning for Urban Driving Using Impilicit
Affordances [25]

nAetoonuuuaEiITTUUMUANEBURISATULUY End-to-End dwiSunsdu
Tuwniflesiduteulneldinaia DRL siudaneiiu Rainbow-QN ApeX LileiFeuuleuients
Fudannteganmlagnssumunslingiiaiislaouyud, InetiauemaialyifiGondn "mplicit
Affordances' Wiiaufideydasitadmumennuduasanududeureanisiniulaseevuin
Tnaflusyuu RL Saensuennsyuaunmseendudesiuney Aen1sld Supervised Learning in
Tuia ResNet-18 Tiviunedoyaidennamsnesgi ugs Wy MkusEiunm kazanuzlnasnas
routhilwesiataldlulfidudunsliiuszuy RL wnumsldnmay dumseuaueiuwmugly
msivusilaiiussia Tasdeslpefinnsananaudiidenismusniunsal sumisfenans
AU LLazlpJLEQ‘;’EJ?L‘WI@ﬂ?UQﬂJﬂWiﬂi%VTWLLUUVLQJ'GiEJLﬁ@ﬂlﬁ@ﬂNLLM‘uﬁﬁ Han1sVAaedlulUN TR0
CARLA uansliifiuinszuuanansndanistvaniunsaifieinduin wu nsvgaseliuns ns
IANITNNMEN wazNIIMaUNENAUALWIILA 08 19T UsEanT a1 Tnsanunsovusiianisuy sy
CARLA Autonomous Driving Challenge Tunsg Camera Only tazdiUsg@vsnminianinisns
Imitation Learning LUt dsuansdisdnanmlumsuszgndld DRL fusmdudsnludffidos

[ =3 I~ [
21AYNTUTTUIANANTUDIAUT UNAN
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2.2.10 Decision-making Strategy on Highway for Autonomous Vehicles using Deep

Reinforcement | earning [26]

nAstloonuuuasianagnsmsnauladwivemeuisalusRuumamandaly
wialulad DRL W1udanea3fiu Dueling Deep Q-Network (DDQN) d%5UaAN1TWEANTIUNITHES
uaznsUAsurenTasiidudou Inelilassadnsmunuuuuddutu fAusnnmsinauladng
g5 UTZA UULDINIINNITAIVANAIIS INAZAIULT SlussAvas wla1dane3fiu Deep Q-
Network (DQN) wuusaismzanansneusléus DDON lésunmsusuuslasaineiorneusyam
Fenluennsuszidiuan State-value wae Advantage function senanfufiadiuar el
mMadenmsnseri daunsilnduszudldanmindendiassoun 3 lausuyaeisile OpenAl
Gym Tnetoudoyaanuzanuis wdainsuassreginessminenummusingssuuiiloB oussi
nsasiinaedgn 1 ouanadns azgnUssId Uk Ll ad T useTad unvA A sanmsvunay
Uszansnwanansa Tnewanisvaesuandliiisiuinszuu DDQN d8nsinsgiingenimanza
samSaniuaglinansuunuagangininisnns DON wagluaangiugiu sgrsdsdnd G
annsathlluszndlfifleosnsedumnudaondouazUsyavBnmwmsindulavessngudlsauduly

aonun1salasenimnuliviueugslietiiussdvsnm

2.2.11 Centralized Cooperation for Connected and Automated Vehicles at

Intersections by Proximal Policy Optimization [27]
QﬁuafllﬁlﬁaaﬂLmULLa8‘1/?@,1‘14’]ﬂi%U’Juﬂ’]'iﬂizﬂ’mﬁWULLUUi’JiJQUETﬁ’M%lUHWUEJUﬁL%EJEJGiE]

wazdupdewsmlulii vsnamueniiunmindaaalvanasiagldmeia RL iudanesiud
WanndulmiSendn Model Accelerated Proximal Policy Optimization (MA-PPO) wiauflatiaym
mszmsﬁflmmﬁqwaﬁ%mig’q@maﬂw Model Predictive Control, lagnsysannskuuinges
anwwndendrmii ihAudaneiiu PPO tilelssnssuunsBeusuasiianszavisanmlunsld
ToUARIREN NIVNTUVBITFUUATEUARUNSIVIUAGOUEAENINTYIUBIEN LA 8 Al
AnTUNSIR RS AN T TR WeINTIT T UURAR Y SauaY waskeniay derlnauli
ulsnnemsiulanunsavandsnisuiazanunaenldesnasings, nenanmsveaesUSeuiiou
U35 Vehicle-Intersection Coordination Scheme (VICS) m%lﬁugm MPC wanslifuinssuud
thaueldaiunsduadosninde 400 wih wastiewfisussansamnisinadouvesaasléd
findnda 4.5 wih, uenandldmudn MA-PPO fisnsnnsgiguadnsfmanzausingandt PPO
uuuUnAfseei Fauansiednenmlunshluvssgndléiiensindlamuaueummuzuuy

FealniifisasmsanunnduazUaondegs
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2.2.12 Godot Reinforcement | earnine Agents [28]

ATt sonuvuuasiauIdumed weuwuuleimused admsull nludauny
HoyauseAvsluanimuandey 2 ffuag 3 AAlagldinadla DRL iiuiedesile Godot Game
Engine dwiuaimainssumsBeuinidudoulassossunmavhausuiumsuisninnsguegs
Ray RLlb uaz Stable Baselines dsaelinideanunsadngsdanesiufifiussansammnin 20
iAW PPO, DON wag SAC laviud wiiinusuidsneging Unity ML Agents asiiaulasnsngaus
fifodiasnudvaviuazmsdavgulumsuiuuidusinnea drumssuanmundeuvesiauny
19 @uiwes wUU Raycast il 981809n15991UV09 LIDAR lunsinssesainudnununisldnis
UszsnananmifiusUuuuiidundemineins doyamsdunanisaitzgndsiumadeudenu
TCP Socket WUSHl&A Python WiaUszuianauasiindulinnalaesessumseumuusudioia
anmsIlumssens Inenanisneaeukansbiiuitssuuannsaassuduiuslageta 12,000
pdwigiunfiuusniawasitaly SuansdausyAvsnmlunsilulssgndliiaumeinssudtosas
Tunvdemsdaejusudindeuiiilonaaeusaneiiuneuthluldlulanasslsegwimmeuuasd

Useansnn

2.2.13 Autonomous Driving System Using CNN and PPO [29]

nuiteloonuuuuazinauensldrussuiudsaludRuuumaunaulaeussandld
Tuwpamsnaneeiae CNN i avhunesumnandeanamyuuesnistudiassduanivsunsy
$raes8 swrmendudeyayuidiluniesiou laefnauisudieusasysannisnsve
sgynalaiea Nvidia Admmimnzauiuanmauuiineazdention wazlunna MobileNet-V2 7
fissavsamluanunadeniifiseavdeatudeu iemuniuluing "Ensemble-M" Aisay
nuTesTsAesan tnensandd ety doyanimazunszuunseteuwasfinvenedoya
(Image Pre-processing and Augmentation) iUl 1@ uIUNIES U3 dioananudedlunsdul
Alivasnss wansveasuUisuiisunansliiiuiimeda Ensemble-M anansaUsuUgan
wiudlngliranunaiaind sufidsaosndssnianiios 00201 wagldnineinsnaluns
Uszananaetnsdivsz@vsam @ sigaalldiidunuimsiitisenseduanuvasndeuazdu

PAABNNANINENTUTZUUTUTD AL ALlaieununslalumatien
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2.2.14 Unity: A General Platform for Intelliscent Agents [20]

miFeiausuariinszilasad wosunanrlesusassaniunisalialy dmsums
FetggrUszavglagld Unity Engine iauﬁumm?mﬁa Unity ML-Agents Toolkit il 8a314
anmuandeumsFousiiierududougeieiuam nmenm uazdsen Sausnsnsminunantiosy
RWIZNNLALDENY Arcade Learning Environment %39 Project Malmo fisinfidosiadueny
gave ULAZNITUTULA SUU Black-box, A8SEUUTRISUNISRNNY Agents A8 ana3fa DRL
UstanBamgs lein PPO uag Soft Actor-Critic (SAC) [30] rivumsideusiaiy Python APl ¢
Tuslnnendenns gRPC iitosudsayamnisumassunuusineg adeyanm wasdeyansinsvey
winsaedii Unity 913lgnsnennsniiganudiinnnangnnilinaaukuudeees Atar uadl
aalamauluging Sensory Complexity fisasiunisisunes nMnauasswasnss1aesilandni
PhysX, Wan1sMaaeULnsgIu Tuanmuind eudaeg 197ivainmane 1 30Ball, Crawler uag
Obstacle Tower uandliiiuinszuuasnsInsINsaedligendia1asedia 100 Wi uaz
annsoilneuawulviEUszavEnmdentseduuywdlunuiidudeu Suumnailaunsomily
UszgndltiileWannszuy Artificial General Intelligence wagiidapmnisaieloumsiieusan

SPUUTIRDIE LU Tuannwindesmilnaingslnetdiuss@vsnm

= av oA a Y o o
f1919N 2.1 ﬁ?ﬂ\ﬂu’c‘l‘ﬂEJ‘V]LﬂEJ’J‘?J’e)\‘iﬂULLU’WI’NVIU’]LﬁU’E)

Author Year Proposed Schemes
S. C. K. Tekouabou et | 2022 Yiaueszuuruieanunsenldiuresiioen
al. [1] salaneldluine Ensemble Leamning huy

Bagging Regression 518 AU loT 9 91¥ A4

wiugganInIsnasy

G. Ali et al. [2] 2020 WAIUITEUUIaNIns a3 8zlaeld Deep LSTM
Network 99N137 03 88U NTHULIAUN BY1UY
IUIUNI0ATOTNINIUATEUIY LORaWAN Laz

MQTT

K. Korosec [3] 2019 OALUULALNAFADUITUU Automated Valet
Parking (Level 4) IngysannIstyulgasuusang

WhiulpstasenugusIseslueIn1seensa
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Author

Year

Proposed Schemes

W. Kim and I. Jung
(4]

2022

luesTUUaUInTasaastzlaglY Edge
Cluster Computing LaglNufuun1318 (Grid

Map) tivoundgninisdoanslununsudoyyiu

dususasudlsautu

A. Uzzaman et al. [5]

2025

AATILINANUUFDAN BV UL UADALULR Lae
WUNISEY Sensor Fusion waztlSauwieu
UszansSanseminaluma YOLO way CNN Tu

ANSHTIAIVING

9

Y. Deng et al. [6]

2021

dsrannudesaznistesiunislandnigle
e (Attacks and Defenses) UlsEUU Deep
Learning U8I5agUALSAUTU Y19n151anFNT

Mg azltsUstng

L. Liu et al. [7]

2021

AATEREaInenITUABLN LN BSENNSUTOBUA
15audu WnewlSeufisunishy CNN, R-CNN,
YOLO t@ag LSTM Uu@13a1235 NVIDIA Drive
way FPGA

B. R. Kiran et al. [8]

2022

d1579n5UsegnAlY Deep Reinforcement

Learning (DRL) 1 DON @z Actor-Critic 4ie

a v

Seusulsuemtuilugan nkindeuniniy

v Y

YUYDU

M. Toromanoff et al.

[25]

2020

WAUNSEUUTUIWUU End-to-End mawaila

DRL wag Implicit Affordances auenns

Seusillaedszaugs (W Trasnas) Aeudadng

Y

nszUIUNSinaula
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A1519% 2.1 aguanddeneddesiuwumeniiaus (o)

Author

Year

Proposed Schemes

J. Liao et al. [26]

2020

lAUBoaNe371U Dueling Deep Q-Network
(DDQN) 23 UNSAIUANLUUAGUTY
(Hierarchical Control) d@wsunissinaulailasu

LAUUUNINAIN

Y. Guan et al. [27]

2020

NAUIPanes9u Model Accelerated PPO (MA-
PPO) MY UUI1a098N N INDDUAIINLILND
iiuAIsIlunsSeugdmsunisUsgauany

USLIDUNYA

(28]

E. Beeching et al.

2021

DONLUUB UMD SINTEMSURNNL DRL Agents
UU Godot Game Engine Ingldiguigeas Ray-
cast iainAuslunisanuazan

PSNYINTNITAIUIN

A. Singh et al. [29]

2025

Yaualiina Ensemble-M Nnauna Iy CNN
WAz MobileNet-V2 ievinungyunisandean
AN YeawanAIAUAaInAaeu (MSE) Laaen

a a a
HUsyansnIw

A. Juliani et al. [20]

2018

1ia@ue Unity ML-Agents Toolkit 1Ju
wwannasuamSUE Nl Al AEALFUTaUNIg
MeANLazUSEAMNALNEES 5895UDanes7IU

PPO uag SAC

[21]

Unity Technologies

lenanseiloasunenisaarlild Configuration
dmsunTRnNY Agents T Unity ML-Agents
Toolkit
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A5n1599Y

mifetyatunsfnunasiaussuurensadaludilae sz ndldinadanis
SeuslatuAnaauedn (Deep Reinforcement Learning: DRL) A388ana3#iu Proximal Policy
Optimization (PPO) aneluan nuandensiaesiiadnstusae Unity Game Engine @ilaany
wngaulunissiaoswnaildnduasiininensaduayuiivainuats Tnsddfutunouns
anflunsidoutaeniiu 3 daundn Tiun nmsfnwdaneifiunasnquiiiAsates nns

DONLUUBALAS AN NLINABNINGEDY LASNISNAADUBALIATIZIING fasgasLdunnalul

3.1 M3AnwIdanasiunaznge)ningItas

W alviszuuaansaantulfaiunsavnaulneg1aiussansain sudseiladanly

(%
Y w A

wannsneyuseivitugs lnelisivazidenvemguiuasdanesiunimnysyendld fail

3.1.1 N3iS8ulEsuiausedn (DRL)

v a

= = v o w | Ay o sw
LﬁjUﬂig‘UTNﬂ']i‘V] Agent LIYUINALA AE IEULL‘U‘Ua']ﬂ‘U N']Uﬂ']ﬁﬂgallW‘Nﬁﬂ‘U

Y

v A Yo ' < ) Y a dgu
an ey Welilasunansuunuazauasan, ag1elsiniu Nty RL wuudasnily Tunis

q

LﬁumamuzﬁﬂﬂizauﬁmmLﬁa&faa%’mmiﬁw%mmamuzﬁﬁﬁaqa WU UaaNIMIINNGY
uATedTadentld maBeudiasuiidandedn (DRL Faufunsysannislasseheussamiion
@9dn (ONN) sy i ushussanaaniladdu iieudYamn Curse of Dimensionality
[31], vilfunuanisaSeusulouensiul andeyawuwesfitudeuldlnenss Inglises
1Nt uRAud YR ELywe, nssuIunsEasaesuisldfenssuumdnula
wuuusAew (Markov Decision Process) @9Usznausig @anug (S), nMsnsesi (A), flefau

nswWasuanug (1), wazilasdussta (R) [8]

3.1.2 Proximal Policy Optimization (PPO)

luussadane3iiu DRL Nfled uideiidenld PPO Fududanadiiuuuy Policy
Gradient NlasuANufisuadiiesnniianuaisstunisiniuiasienenisusugullenis uiu

25 Trust Region Policy Optimization (TRPQ), #a nn13d1A gyu89 PPO Aon15la W en 9u

[

T Uszasnkuy Surrogate Nfimsdanau tiedaaiunsusuusulouis Auusaiulugens

Yo

Mbinszuiunisieuiaumal aun1singuseasives PPO annsadeulnail
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LEMP(9) = E[min(r.(0)A, clip(r:(0),1 —€,1+€)A)]

Tnedl LCLIP(0) Ao #afdutngussasduuuiinisdanauvas PPO, B Ao
Amisimestagtureslassiieulovis, By de draientaudsussdny (Empircal
Expectation) e 1381 £, MIN Av ﬂqﬁ%’umﬁmmam‘ﬁm%’uLﬁaﬂﬂ'wﬁm‘l’wﬁqmwdwaaa
Fouly, 1:(0) Ao dasdruainuirasiuseninsulouslsfuuleuieina (Probability
Ratio), At Ao Wanduaulmusoulsediu a an £, clip Ao Weidunisdninveuian
TalFAanAunIng9fi f1mun, € Ao A letasni1s1dines dausufMuATeUIANIS
Wasuwlasulovisuas € fe drviuiandagiu nsld Pro daelidunuaiunsaisous
ulgurenismunusaineiies lfegraduszansnmuazvasadunelidediinves

ANTNLINARY [25], [26]

3.1.3 lasetglszauuunauligdusaznisuiasdosa (CNN and Flattening)

W asandeyauidmanvesssuuiiuninainndes vuideideussyneld
Convolutional Neural Network (CNN) #aiiusgansameslunisaianuanuug andeyann
[14], nszuiunsUszananatayalsenaumletunaunatl

1. MsafaAManYy: NMMANNRBILNEwEUTY Convolutional Litanseeuazane

'
a o w 1

sULUUTIAARY LY YBUAUY YTRAINAYIN

s

2. nawlasdoyalidunnees: Teyanadnsaintu CNN Feaglugluuumming

Y 1 =

WaNeiifA AgAeIgnrIunIEUIUNIS Flatten WowUasliiduanmes 1 46 nsguiunisildl

ANUEIAYRE9E slunslaNsasyrInsdIuNsNoaiy fudumsdnaula wWeliaiunsain

v

vagannluTuiudeyaldeildndau neududiglaserne Fully Connected Layer ¥4
9ane3viu PPO maly [6], [7]
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ojojlo|ofo|o|oO O
ol1|ofofof1]0 O
o|jofojojo|0O]|0O
ojlo|lo|1|0]o0]0]| Convolution Pooling Flattening
E—
o|1|o|o|0|1]|0
o(of1j1j1|0]|0 Q
o|jofojojo|O0]|0O :
Input Image
I I l Input
layer of
Convolutional Layer Pooling Layer a future
ANN

gﬂﬁ 3.1 Convolutional Layer tag n1391 Flattening

3.2 NN59DNLUULAZES19ENINUINADUTNADY

[
[

nsinruszULTUTSalusialulanassilinuidssgauagldduyuunn awidedddd
Unity Game Engine tHuunansasunanlunisasisanimuinasusiass lneiisieazidennis
genWUUNTH

3.2.1 M3saswdidnduaziniodle

nsfnduszuudul selud@lulanaiedanudssgauasldduyuann Fufunnsld
wnanlesusiassdaiun1selialy wu Unity Game Engine 3ailumnadendiivanzay, Unity
fanulaamulusiuaiududounianienin kauszuu Nvidia PhysX fidnunsasiassnade
YW UPUA M3 uazusudennuldogsanasiuonani nsld Unity saufu Unity ML-

vala |

Agents Toolkit §a%3glvianunsaasisaninuwinaeunisiseus ndavgu laga1u1sanIuay
AMILTIWRINITTa0dliiINIa1ase Feeisenssuiunisiiudeyadiedny dmsulniy
Tuiea DRL 1530159897, 590895095Un15MmuaA 51 e swuud Iieiinauvun I

yaslananarnuldiiusuiiot lUlduasa

3.2.2 83AUSLNRUTRIRINI1ADY
a v dy £ . . 1 v [J I
uAdedle Unity Game Engine Tun1sasisaninuinasudiasd lngeonuwuuidu
NuNFvaeuninaduasuseu serusenauneluaindiasslsenaumiy soauaewIwiIg
u Agent fideuieuinisaen, soduiduviminiiludsinuing uazndosduasdunui
Wannned wduesdusznouni ugiu @2 wanaafeni1snivungas udulaeazsdl 2

anmuandeu taud lngannwindeuusn fegasusuwuuiuniidmdmingegaseilag
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2% Agent 9xd1an spawn meluvesduBeniiiy wazanmuwindeud 2 yaFuduivomni
3 afeuuLuvt s egaReaazLuu BB 45 ssrmriaesdiiu Tasanely
nsounainlugn Spawn Atinsduaelunseuiurhliien X way Z Wasuulamasanauay
finsguifiuguain 45 esa vInau 20 osm Lieldlyi Al Ssudaniunisalfiunnsigly
paeanaLiomngiunsld madeudiasuihdudein Welviurueuimadeuaznisin

szileuse aauandlugui 3.2 uag JUN 3.3

TA H Agent Spawn Area 1

JUN 3.3 AMTaesan nkInGaNLUUInEIsY 3 Ialuguueamuuy



29

3.2.3 N15A9AIN1591884 (Simulation Settings)

ieliszuvansaseuslaegniiusednsamagldnsnensndiin f3deldfmue

Y

AANTRTOIENINKINGENNTIEDAINNTNN 3.1 Tnefinsuuasnin RGB {unm Grayscale

YUA 84 x 84 NALYA NDANN1TENITUIZUIANG UazA1TN7 3.2 LEAITI9aEIDgnNITAIAIUDY

sngudi Agent WWugaiuny

M15197 3.1 NMIIAIANENURTDIENINLIAGONNITINADS

Simulation properties

Applied settings

nanelulsazsau

5 seconds

Toyat LUV INIUNY

84 x 84 x 1 (Grayscale image)

N13NTEY11U99 Agent

4 (forward, reverse, turn left, turn right)

A15199 3.2 N15HIANSOEURINAD

Car properties

Applied settings

Mass 1080 ¢
Angular Drag 0.05
Traction Control 0.212
Full Torque Over All Wheels 500
Reverse Torque 100
Maximum Steer Angle 45

Max Handbrake Torque

3.402823e + 38

Speed Type KPH
Top Speed 200
Rev Range Boundary 1

Slip limit 0.3
Brake Torque 20,000
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3.3 NMSNAFDULAZIATIZINE (Testing and Analysis)
mendsaniluealdiunsiiniuauaiosuds fideldduiunmmeaeuussansam
Tnsutsdndutumaneastedraiuszuy Buduannismegeuluaniunisaifiugiufenisi
saiivenludumnnsadisseguienneu ngvhnsaaeuliwmaadmvidvme s
100 59UN15TINTNARES ATBUARNTINIAITITEU U TTauu Mg uazssuuTeTanuy
9dl0 iflevssdiunadesiu mnmfudafiuanududeuresaniunisallnenisfvuagaiiudy
voasanlu 3 Uuuy Téun gadusumemsauazanldaduiuuides 45 ssvisaosdiiu niouiis
sfiunsuiuguaileesmisidmed tiuduaunsevislnaluisaesszuussiaauns

a ¢ o = o

UjuRnsfalauszauanudusanunaeifiimun Jahnadnsanineufiusivsudeyaain

o '
2 U v a

day laun ensipudnsa S1uiuasnvudinuneagsyegai il lunisidnaen e

=D

o a 4 = a a a ! a o [ J
u']iJ’YJLﬂi’]%WLUiEJUL‘Vl8UU§BGVI5JWW33‘VI’J’NI§JL(ﬂaLLﬁ%ﬁ?UNaﬂ’]i'ﬂﬁlﬂiua’]@UWﬂlﬂ
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Nan1sANELaznIsaAUs 19N

4.1 AMNSINVBITLUUADATADA LULA

4.1.1 WRUNINISTEU

I
Y

szuvdensasaluAGudunmsuteyanin anndesiidnnsuinaduntuas
Aundevesiisa sadegannmesaniuznianienin Jeyaninazgnuianduain
Grayscale uazUiuvunanoududignszuiunsuszananandn dadulunafiinause
§ane371u Proximal Policy Optimization (PPO) Iumawvi"]ﬂ’]'ﬁlﬁaui’uazﬂszmaNaLﬁadq
Fdamuau TUsasa dud maiumii nesvds Weadne uazdennn wethsaidgdesaon

Wng dawananseuaumsvinalugui 4.1

Camera from a car

v

Proximal Policy Optimization <t

Simulated
Environment

Al Control Car

UM 4.1 UHuRan15YnNUYeITEUUIenTASRLULR

4.2 TU.na0anasNULaZNA15BaNLUUNIATUSI9IE

4.2.1 an1tnenssulasatieuseanie

nuIjeillddanesniu PPO aelaaaUnenssunwuy Actor-Critic utayauidn

BUUNGUNATU 38%’3"1@6&}@%631'1‘1/\1%68%@%6L'JﬂLG\E]% %’ayjamwaggﬂﬂizmamamu CNN Lt
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afanadnuuy Tuvazidoyannmesdiuau 11 a1 ldun Whmnglunu X uas 7, suveq
9, a21u52704 Agent Tuwnu X wag Z, Action neuntitnessnnaidsadie - v
Auntuazeends, LavA1veInNdemiawny X uag Y gavingaziluen Visibility Flag Aomld
dusuiderindiu Target Tundowialal Anvariiazgminanmufuaudnuasresnmiioadns
funuanugiiauysal feyadvvgnaandglassite Fully Connected $1uau 6 Fu Hidden
Units duae 1024 wiae deuazueneenidu Actor Head dwiufmuanisnsvi wag Critic

Head dmsuussdiuamnuliseu Awandlugun 4.2

Input 11 Vectors

Target Position X
Target Position £
Conv. 2 Flatten A“gh‘ 1o TET];,ﬂ
1 ] Velocity X
L Velocity Z
— 1 + Last Steer
| Last Accel
~ L ! L Last Reverse
= View X Deviation

18, 8] = 16 filters 14, 4] * 32 filters View Y Deviation
|4, 4] stride 12, 2] stride Visibility Flag

| Reverse

\ Critic

| Value Estimate

L
6 Lavers, 1024 Hidden
Units, Activation: ReL.U

JUN 4.2 usudaliaa PPO vasiuvuuazn1sinavesdeya
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msUssnanateyauuuRaunay dilmnddlunssaretesauongurasius
azUsziam TeyanninesiiuteyaiBeiinuidauusiuduasianandudadugs vidld
TuaausadluAuauazissuganudusiusdunacans leegresinsluvmei
foyanmilnrmdudeunardeslinimenslunsinasnnniy widanududuegredduns
Trusundsiiui Wy nsueaiudsiavnadednsnsvoatvine Gedeyannmesliause
venldoun dauvesnssurunsit NN aunsasuilainsnalavesamiedmmne du Ty
szozudulunavzdalivauiseumaneesing uidu Convolutional agviwminiiarn
AudNYMEYIN NI LY 1Y ey VieAeaidud Wesunusnaulaedeudiidin
adnuazdinandaldsu Reward ndunn Sanedftuasldnszuaunisusudgeanimin
foundu denalilunisuszananaseudaly CNN aziSeudflasidunnuddny luiinguiiniad

fsUuuuasenunaeadmnglagdnluia

4.2.2 nMsnvuaadlaasnisniwmes

[

Tunsflndulannadmun1saeasa LU U TIaZLUY 45 e Fideldrinund)
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A15199 4.1 N5 laasn1s1Twasuad PPO d1115U9aN199159

Parameter Value
trainer_type ppo
max_steps 2,000,000
learning_rate 0.0001
learning rate schedule linear
beta 0.001
epsilon 0.2
lambd 0.95
num_epoch 15
buffer_size 40,960
batch_size 4,096
hidden_units 1024
num_layers 6
gamma 0.999

& ! & = o ¥ v a =~ 1< & 1 1
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W1515L0235U89 PPO Nduanas

q

lngvinyu 0 eseniudmvang wazlunisnaaesdn 1 guuuufe

NSFUNUNAWTUVBITALUA 3 WU Laln Nnsatasisuy 45 aamnsuandlunisem 4.2 ag

Wiwldd1d max steps §n158 4910 2,000,000 steps Ui 5,000,000 step 4t aiiiu

Episode N15158U389 Agent IWillszoglianleanason1siTeus AN N15LEE7 WAEAIS

Jan1sivanImLInaeNdudounINgy wenani nsimunegedalin 5,000,000 steps

gudunannandediianedunineins lneidudwiugeaafionsawrsgdlalun 1suseutana

Hneuluwaliyayusshivg (Train A) Tuawidedanunsasessunisinaula

A15199 4.2 N1599AlEUasNIs1TMas89 PPO @1Suaen 45 89N

Parameter Value
trainer_type ppo
max_steps 5,000,000
learning_rate 0.0001
learning_rate_schedule linear
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Parameter Value
beta 0.001
epsilon 0.2
lambd 0.95
num_epoch 15
buffer size 40,960
batch size 4,096
hidden_units 1024
num_layers 6
gamma 0.999
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Agent state

Provide rewards

Time Usage - 10

Dead - 2000
Bad Park - 1000
Goal + 2500

Distance reward | - (Distance between the car and the goal.) x 1.5) - 25

Camera reward +5

Center reward
x 2)

1 - ((Distance between the goal and the center of the camera.)
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M13199 4.4 n1sivuasiasuusla

Agent state Provide rewards

(Difference between current distance and distance of
Approach target
the previous event.) x 2.0

Face right direction Facing directly towards the target. x 0.1

Drive right direction Steering in the direction towards the goal. x 0.2

Function COS (The angle of the vehicle relative to the
Angle Alignment
target.) x 0.3

Proximity (< 5m) 2 x (5 - Current distance of the car.)
Within Range (< 10m) +0.1
Moving Away -0.2
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Environment/Cumulative Reward

5UN 4.5 nanmmeaeinsensalaggduania 3 aalneldszuusieianuulunsasen

suiTeguuugaTneiitesuasaauazaantuniaifeu neluaninundont
laddusnetaldsumsusulsdiitdu Tnsuenmieanseiannmadendisaiiesedn
e gliinauazuuunsegdlasnnsdasuns wldiduds nalnivmidlideya
dounduadereiiedlagdeninnisindumisvesndesiunuiisuiuaafanalivestedaen
Wvane Sadunsnseduliunmususuiamaemuedigniowaurszovsuduresnis
hen namsEindumaenszeria 5 Sutusou famd 4.6 uandbiFuiaduldninFous
funnsnsnnanumsnainisaensouuinssesnsdnau Tuthssvez@usu (0 f 1.5 Sudunon)
funuansnuiurugmienfuATsTaiiduay Jsasfieufisanueinduinlunismya
iaeniivasadslngliiAnnsyu egslsiniy wsagdlaamnnisdndumidlaliuugiing

'
v v A

F19u Ferrevasdululdidunuinan1izindanen 019807 UlusEuUITITaLuULUIUIY

=4

wWIltYRLNTARUUINGTLMEIN 2 Auduneu Fudugafidunuaunse "wAlang" ves

annwangenlaagaliuszdniain wazanunsasnwssAuTtialviguasamlanasainty



40

En... /Cumulative Rewa...

5UN 4.6 Han1svnaeINsIensalaedulniia 3 ealagldszuusidanuuingegda

4.4 n1INNADY
Tunsddiunsmadeulssansnmuessyuuransadnludfiinmutusedanes iy
Proximal Policy Optimization (PPO) #ifl nnsinuannassluaninuindeudians 7ign
oonuuuilvinseUANAIAIAVANEYesanuNsalENFuT 3 JUNUU THuA nsiFuduaen
Tunuinse (0 99A7) LLazﬂﬂiﬁué’us{,uqmﬁé’faamﬁam'iﬁ’ﬂL?Tmsﬁ’usz’fauasmmsaamﬁm 45
0ar1 (Hadudneuarsuean) i enedeudnauaunsalunswNuE LN 189 Agent
Unyyusehivg miwmaaﬁg{aLﬁummﬁﬂmﬁsuL%ﬁmwdwamamﬁmaﬂsimwi’a Ao
Tunaildszuunsiamnefiseiufe dsdinsuuuanizidiorhaisidnss uaglnnad
Tszuunstauvugsladeitios Ainslinateundunasanisindouilagluudazaniunisalas
¥NsNAdEUT IS ILIL 100 Episodes Wlavdnanussusaunsadauaziveiihiladinadng
filFiRnnneFeusivividldenutady sl Welmslssdunaiinasgiuiidaauus
anunsadaraludsUsinald wlddmuninasianudnsa lnenisiavggniud dusa Arauile
grunmuzannsaUiuaauieuludaduasuie 4 Usznis Idun druanuvasads fe
gunLzfeuadouiiingronenlasunannmaldsmureumnaiedsinunilag naoaiis

¥ = 1

N3gUIUNT sialufoRuAMLLINEITDIUMLY TaggnNanaIuedfiise 8fedlsseeiiann
gansnasventvnelidiiu 0.5 wes Jaduszeiivansulalunisldauass dmwusuai
LU UENVBITANIG UWNUYBIAITOILA DIVUIUAULAUYDUYDIY D380 Lagay gy 1ntiiaIy

AAALAREUTBIDIAN ALY 5 B9 WasuUsEiuAUSauSaglun1sIenLavanyne Aomu



41

nansailunsnmunazssaaiauneluszeziiaiiimun 5 N lielanidienusaga
lunsdindula mnerumnuzdumadllunisuofsuReuluteladentaudiiesainen seuy

LANAUINNITNAABUTUTDUNUAUMARINUN FINAaNSI1NN15USsURauUTEaANS nwmny

wnawidsnanIlagnTIuTaziandlilunised 4.5

A5199 4.5 NanNTISUSHUEUUSEANTANSEUUIBATO DR LULIR luan 1 un15alaa 1w 45

NG
Experimental results
Measurement
Only goal Continuous

Number of Experiments 100 100
Success count 69 98
Success rate 69 % 98 %
Crash count 1 0
Crash rate 1% 0 %
Time out 30 2
Time out rate 30 % 2%
Maximum distance 13.79 m 13.79 m
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using System.Collections;

using System.Collections.Generic;

using System.Ling;

using UnityEngine;

using Unity.MLAgents;

using Unity.MLAgents.Sensors;

using Unity.MLAgents.Actuators;

using UnityStandardAssets.Vehicles.Car;

namespace UnityStandardAssets.Vehicles.Car
{
public class CarAgent : Agent
{
[Header("Car Movement Settings")]
private Rigidbody rBody;

private CarController carController;

[Header("Target")]

public Transform target;

[Header("Spawn Area")]
public List<Collider> spawnAreas = new List<Collider>();

private List<int> spawnindexBag = new List<int>();

[Header("Sensors and Rewards")]

private int parkedCorrectlyScore = 2500;
private int collisionPenalty = -2000;
private int stillPenalty = -2000;

private int timePenalty = -10;
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[Header("Reward Shaping")]
[Tooltip(*s1e¥aiilawiu Target (vousiiu agyilyufld)]

public int visibleReward = 1;

[Tooltip('sefailertivsneagnansasuunueu (Left-Right))]
private int centeringReward = 5;
[Tooltipt'513¥auiiesthmunelvgu Gadan))]

private int approachReward = 5;

[Tooltip("vaulumuad 'Na19ae’ wnu X (1 0.1)")]

private float centerThreshold = 0.1f;

private float lastDistance;

private float[] lastActions;

private float timeSpentStill;
private float lastApparentSize = 0f;
private Collider targetCollider;

private int episodeCount = 0;

[Header("-— Statistics Table ---")]
public int successCount = 0;
public int crashCount = 0;
public int failCount = 0;

[Header("Camera Settings")]
public Camera[] carCameras;
public int cameraWidth = 84;
public int cameraHeight = 84;

public bool cameraGrayScale = false;
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public SensorCompressionType sensorCompressionType =

SensorCompressionType.PNG;

private Camera mainCam;

public override void Initialize()

{

base.Initialize();
rBody = GetComponent<Rigidbody>();
carController = GetComponent<CarController>();

lastActions = new float[3];

if (target != null)

{
targetCollider = target.GetComponent<Collider>();

if (carCameras.Length > 0)

{

mainCam = carCameras[0];

public override void OnEpisodeBegin()

{

if (episodeCount >= 100)
{

float successRate = (float)successCount / episodeCount * 100f;

Debug.Log($"<color=yellow><b>=== FINAL RESULT (100 Episodes)

===</b></color>\n" +

$"Success: {successCount} ({successRate:F1}1%)\n" +

$"Crashed: {crashCounti\n" +
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$"Failed/Timeout: {failCount\n" +
" ");

#if UNITY_EDITOR
UnityEditor.EditorApplication.isPlaying = false;

#endif

return;

}

episodeCount++;
Collider selectedSpawnArea = null;
if (spawnAreas.Count < 3)

{
Debug.LogError("n3ad1a1n Spawn Areas Tdlu Inspector pgnstine 3 n");

return;
}
if (spawnIndexBag.Count == 0)
{
for (int i = 0; i < spawnAreas.Count; i++)
{
spawnindexBag.Add(i);
}

spawnindexBag = spawnindexBag.OrderBy(x => Random.value).ToList();

int randomlIndex = spawnindexBag[0];
spawnindexBag.RemoveAt(0);

selectedSpawnArea = spawnAreas[randomlindex];
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Bounds bounds = selectedSpawnArea.bounds;

float randomX = Random.Range(bounds.min.x, bounds.max.x);

float randomZ = Random.Range(bounds.min.z, bounds.max.z);
this.transform.position = new Vector3(randomX, this.transform.position.y,

randomZ);

float spawnZoneYRotation = selectedSpawnArea.transform.eulerAngles.y;
float randomRotationOffset = Random.Range(-20f, 20f);
float finalYRotation = spawnZoneYRotation + randomRotationOffset;

this.transform.rotation = Quaternion.Euler(0f, finalYRotation, 0f);

rBody.velocity = Vector3.zero;

rBody.angularVelocity = Vector3.zero;

lastDistance = Vector3.Distance(transform.position, target.position);
lastApparentSize = 0f;

System.Array.Clear(lastActions, 0, lastActions.Length);
timeSpentStill = 0f;

public override void CollectObservations(VectorSensor sensor)

{
Vector3 localTargetPos = transform.InverseTransformPoint(target.position);
sensor.AddObservation(localTargetPos.x / 100f);
sensor.AddObservation(localTargetPos.z / 100f);

float angleToTarget = Vector3.SignedAngle(transform.forward, (target.position
- transform.position), Vector3.up);

sensor.AddObservation(angleToTarget / 180f);

Vector3 localVelocity = transform.InverseTransformDirection(rBody.velocity);
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sensor.AddObservation(localVelocity.x / (carController.MaxSpeed + 1e-6f)),
sensor.AddObservation(localVelocity.z / (carController.MaxSpeed + 1e-6f));

sensor.AddObservation(lastActions);
if (mainCam != null && target != null)
{

Vector3 viewPos = mainCam.WorldToViewportPoint(target.position);

bool isInFront = viewPos.z > 0;

if (isinFront)
{
float xDeviation = viewPos.x - 0.5f;

float yDeviation = viewPos.y - 0.5f;

sensor.AddObservation(xDeviation);
sensor.AddObservation(yDeviation);
sensor.AddObservation(1.0f);

}

else

{
sensor.AddObservation(0f);
sensor.AddObservation(0f);
sensor.AddObservation(0f);

else

sensor.AddObservation(0f);

sensor.AddObservation(0f);
sensor.AddObservation(0f);




60

public override void OnActionReceived(ActionBuffers actions)
{

var continuousActions = actions.ContinuousActions;

float steering = continuousActions[Q];

float accel = continuousActions[1];

float reverse = continuousActions[2];

float finalAccel = Mathf.Clamp(accel - reverse, -1f, 1f);

carController.Move(steering, finalAccel, 0f, 0f);

float currentApparentSize = 0f;

bool isVisible = false;

bool isCenteredX = false;
bool isApproaching = false;
float growth = 0f;
AddReward(timePenalty);

float currentDistance = Vector3.Distance(transform.position, target.position);

float DistanceReward = -((currentDistance) * 1.5f) - 25;

if (carCameras.Length > 0 && targetCollider != null)
{

Camera mainCamera = carCameras[0];

Vector3 targetTop = targetCollider.bounds.max;
Vector3 targetBottom = targetCollider.bounds.min;
Vector3 topScreen = mainCamera.WorldToViewportPoint(targetTop);

Vector3 botScreen = mainCamera.WorldToViewportPoint(targetBottom);
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if (topScreen.z > 0 && botScreen.z > 0)
{
currentApparentSize = Mathf.Abs(topScreen.y - botScreen.y);
Vector3 centerScreen =

mainCamera.WorldToViewportPoint(target.position);

bool isOnScreen = centerScreen.x >= 0 && centerScreen.x <= 1 &&

centerScreen.y >= 0 && centerScreen.y <= 1,

Vector3 localVel = transform.InverseTransformDirection(rBody.velocity);

bool isMovingForward = localVel.z > 1.0f;

if (isOnScreen)

{
float distX = Mathf.Abs(centerScreen.x - 0.5f);
if (distX < centerThreshold)
{

isCenteredX = true;

}
if (isMovingForward && (currentApparentSize > lastApparentSize))
{

isApproaching = true;

growth = currentApparentSize - lastApparentSize;

if (isOnScreen)

{
isVisible = true;

float distX = Mathf.Abs(centerScreen.x - 0.5f);
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if (distX < centerThreshold)
{

isCenteredX = true;

}
if (isVisible)
{
AddReward(visibleReward);
Debug.Log($"<color=lime>[VISIBLE] Target in view! (+{visibleReward})</color>");
}
if (isCenteredX)
{
AddReward(centeringReward);
Debug.Log($"<color=cyan>[CENTER] X-Centered! (+{centeringReward})</color>");
}
if (isApproaching)
{
AddReward(approachReward);
Debug.Log($"<color=green>[APPROACH] Bigger! Growth: {growth:F6}
(+{approachReward})</color>");
}
if (mainCam != null && target = null)
{
Vector3 viewPos = mainCam.WorldToViewportPoint(target.position);
if (viewPos.z > 0 && viewPos.x >= 0 && viewPos.x <= 1 && viewPos.y >=
0 && viewPos.y <= 1)
{
float distFromCenter = Mathf.Abs(viewPos.x - 0.5f);
float aimReward = 1.0f - (distFromCenter * 2.0f);
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Debug.Log($"Aim Accuracy: {aimReward * 100}%");

lastApparentSize = currentApparentSize;
lastActions[0] = steering;
lastActions[1] = accel;

lastActions[2] = reverse;

public override void Heuristic(in ActionBuffers actionsOut)

{
var continuousActionsOut = actionsOut.ContinuousActions;
continuousActionsOut[0] = Input.GetAxis("Horizontal");
continuousActionsOut[1] = Input.GetAxis("Acceleration");

continuousActionsOut[2] = Input.GetAxis("Reverse")

public void FixedUpdate()
{
if (rBody.velocity.magnitude < 0.1f)
{
timeSpentStill += Time.fixedDeltaTime;
if (timeSpentStill > 5.0f)
{
failCount++;
AddReward(stillPenalty);
Debug.Log($"<color=red>Episode {episodeCount} Ended (Still). Total
Reward: {GetCumulativeReward():F2}</color>");

EndEpisode();
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timeSpentStill = 0f;

private void OnCollisionEnter(Collision other)
{
if (other.gameObject.CompareTag("Wall") || other.gameObject.CompareTag("Car"))
{
crashCount++;
AddReward(collisionPenalty);
Debug.Log($"<color=red>Episode {episodeCount} Ended (Collision). Total
Reward: {GetCumulativeReward():F2}</color>");

EndEpisode();

private void OnTriggerEnter(Collider other)

{
if (other.CompareTag("Finish")
{
float currentAngle = Vector3.Angle(transform.forward, target.forward);
if (rBBody.velocity.magnitude <= 3.0f && (currentAngle < 10f || currentAngle
> 170f))

successCount++;

AddReward(parkedCorrectlyScore);
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Debug.Log($"<color= ><b>Episode {episodeCount} SUCCESS!</b>

Total Reward: {GetCumulativeRew /color>");

}

else
{
failCount++;

Debug.Log($" sodeCount} Finished (Bad Park).
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using System.Collections;

using System.Collections.Generic;

using System.Ling;

using UnityEngine;

using Unity.MLAgents;

using Unity.MLAgents.Sensors;

using Unity.MLAgents.Actuators;

using UnityStandardAssets.Vehicles.Car;

namespace UnityStandardAssets.Vehicles.Car

{

public class CarAgent : Agent

{

[Header("Car Movement Settings")]
private Rigidbody rBody;

private CarController carController;

[Header("Target")]

public Transform target;

[Header("Spawn Area")]
public List<Collider> spawnAreas = new List<Collider>();

private List<int> spawnindexBag = new List<int>();

[Header("Sensors and Rewards")]

private int parkedCorrectlyScore = 2500;
private int collisionPenalty = -2000;
private int stillPenalty = -2000;

private int timePenalty = -10;
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[Header("Reward Shaping")]

[Tooltip(*s1e¥ailawiu Target (vauAwiu agyslvuAld))
public int visibleReward = 1;
[Toottip(“'mﬁ’aLﬁaLﬁmmaagﬂa’mauu’;uau (Left-Right)")]
private int centeringReward = 5;
[TooltipC'se¥ausiertmanelngu Gadmn))

private int approachReward = 5;

[Tooltip("ydULUAVDS 'NANNAD' WAL X (15U 0.1)")]

private float centerThreshold = 0.1f;

private float lastDistance;
private float lastAngle;
private float[] lastActions;

private float timeSpentStill;

private float lastApparentSize = 0f;
private Collider targetCollider;
/!

private int episodeCount = 0;

[Header("--- Statistics Table ---")]
public int successCount = 0;
public int crashCount = 0;
public int failCount = 0;

[Header("Camera Settings")]
public Camera[] carCameras;

public int cameraWidth = 84;




public int cameraHeight = 84;
public bool cameraGrayScale = false;
public SensorCompressionType sensorCompressionType =

SensorCompressionType.PNG;

public override void Initialize()

{
rBody = GetComponent<Rigidbody>();
carController = GetComponent<CarController>()

lastActions = new float[3];

if (target = null)

{
targetCollider = target.GetComponent<Collider>();

public override void OnEpisodeBegin()
{

if (episodeCount >= 100)

{

float successRate = (float)successCount / episodeCount * 100f;

Debug.Log($"<color=yellow><b>=== FINAL RESULT (100 Episodes)
===</b></color>\n" +
$"Success: {successCount} ({successRate:F1}9%)\n" +
$"Crashed: {crashCounti\n" +
$"Failed/Timeout: {failCount\n" +
' ")

#if UNITY_EDITOR
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UnityEditor.EditorApplication.isPlaying = false;
#endif
return;

}
episodeCount++;

Collider selectedSpawnArea = null;

if (spawnAreas.Count < 3)

{
Debug.LogError("n§ad1ann Spawn Areas Tdlu Inspector pgnstion 3 "),

return;

if (spawnindexBag.Count == 0)

{
for (int i = 0; i < spawnAreas.Count; i++)
il
spawnindexBag.Add(i);
}

spawnindexBag = spawnindexBag.OrderBy(x => Random.value).ToList();

}

int randomindex = spawnindexBag[0];
spawnindexBag.RemoveAt(0);

selectedSpawnArea = spawnAreas[randomindex];

Bounds bounds = selectedSpawnArea.bounds;
float randomX = Random.Range(bounds.min.x, bounds.max.x);

float randomZ = Random.Range(bounds.min.z, bounds.max.z);
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this.transform.position = new Vector3(randomX, this.transform.position.y,

randomZ);

float spawnZoneYRotation = selectedSpawnArea.transform.eulerAngles.y;
float randomRotationOffset = Random.Range(-20f, 20f);
float finalYRotation = spawnZoneYRotation + randomRotationOffset;

this.transform.rotation = Quaternion.Euler(0f, finalYRotation, 0f);

rBody.velocity = Vector3.zero;

rBody.angularVelocity = Vector3.zero;

lastDistance = Vector3.Distance(transform.position, target.position);
lastApparentSize = 0f;

System.Array.Clear(lastActions, 0, lastActions.Length);
timeSpentStill = 0f;

public override void CollectObservations(VectorSensor sensor)

{
Vector3 localTargetPos = transform.InverseTransformPoint(target.position);
sensor.AddObservation(localTargetPos.x / 100f);
sensor.AddObservation(localTargetPos.z / 100f);

float angleToTarget = Vector3.SignedAngle(transform.forward,
(target.position - transform.position), Vector3.up);

sensor.AddObservation(angleToTarget / 180f);

Vector3 localVelocity =
transform.InverseTransformDirection(rBody.velocity);

sensor.AddObservation(localVelocity.x / (carController.MaxSpeed + 1e-6f));

sensor.AddObservation(localVelocity.z / (carController.MaxSpeed + 1e-6f)),
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sensor.AddObservation(lastActions);

public override void OnActionReceived(ActionBuffers actions)
{

var continuousActions = actions.ContinuousActions;

float steering = continuousActions[0];

float accel = continuousActions([1];

float reverse = continuousActions[2];

float finalAccel = Mathf.Clamp(accel - reverse, -1f, 1f);

carController.Move(steering, finalAccel, Of, Of);

float currentDistance = Vector3.Distance(transform.position, target.position);

float directionDot = Vector3.Dot(transform.forward.normalized,
(target.position - transform.position).normalized);

float velocityDot = (rBody.velocity.magnitude > 0.1f) ?
Vector3.Dot(rBody.velocity.normalized, (target.position -
transform.position).normalized) : 0f;

float currentAngle = Vector3.Angle(transform.forward, (target.position -

transform.position));

// - Reward Shaping ---

AddReward((lastDistance - currentDistance) * 2.0f);
AddReward(directionDot * 0.1f);

AddReward(velocityDot * 0.2f);

AddReward(timePenalty);
AddReward(Mathf.Cos(currentAngle * Mathf.Deg2Rad) * 0.3f);
if (currentDistance < 5f)

{
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AddReward(2f * (5f - currentDistance));
}
if (currentDistance < 10f)
{
AddReward(0.1f);
}
if (currentDistance > lastDistance + 0.1f)
{
AddReward(-0.2f);
}
float currentApparentSize = 0f;

bool isVisible = false;

bool isCenteredX = false;
bool isApproaching = false;
float growth = 0f;

float Distance = Vector3.Distance(transform.position, target.position);
float DistanceReward = -((Distance) * 3) - 10;
AddReward(DistanceReward);

Debug.Log($"<color=lime>Distance Reward = {DistanceReward}</color>");

if (carCameras.Length > 0 && targetCollider = null)
{

Camera mainCamera = carCameras[0];

Vector3 targetTop = targetCollider.bounds.max;
Vector3 targetBottom = targetCollider.bounds.min;
Vector3 topScreen = mainCamera.WorldToViewportPoint(targetTop);

Vector3 botScreen = mainCamera.WorldToViewportPoint(targetBottom);
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if (topScreen.z > 0 && botScreen.z > 0)

{
currentApparentSize = Mathf.Abs(topScreen.y - botScreen.y);
Vector3 centerScreen =

mainCamera.WorldToViewportPoint(target.position);

bool isOnScreen = centerScreen.x >= 0 && centerScreen.x <= 1 &&

centerScreen.y >= 0 && centerScreen.y <= 1;

Vector3 localVel =
transform.InverseTransformDirection(rBody.velocity);

bool isMovingForward = localVel.z > 1.0f;

if (isOnScreen)

{
float distX = Mathf.Abs(centerScreen.x - 0.5f);
if (distX < centerThreshold)
{

isCenteredX = true;

}
if (isMovingForward && (currentApparentSize > lastApparentSize))
{

isApproaching = true;

growth = currentApparentSize - lastApparentSize;

if (isOnScreen)
{
isVisible = true;

float distX = Mathf.Abs(centerScreen.x - 0.5f);
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if (distX < centerThreshold)
{

isCenteredX = true;

if (isVisible)
{
//AddReward(visibleReward);
Debug.Log($"<color=lime>[VISIBLE] Target in view!
(+{visibleReward})</color>");

}

if (isCenteredX)
{
//AddReward(centeringReward);
Debug.Log($"<color=cyan>[CENTER] X-Centered!
(+{centeringReward})</color>");

}

if (isApproaching)
{
AddReward(approachReward);
Debug.Log($"<color=green>[APPROACH] Bigger! Growth: {growth:F6}
(+{approachReward})</color>"),

}

lastApparentSize = currentApparentSize;

lastAngle = currentAngle;
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lastDistance = currentDistance;
lastActions[0] = steering;
lastActions[1] = accel;

lastActions[2] = reverse;

public override void Heuristic(in ActionBuffers actionsOut)

{
var continuousActionsOut = actionsOut.ContinuousActions;
continuousActionsOut[0] = Input.GetAxis("Horizontal"),
continuousActionsOut[1] = Input.GetAxis("Acceleration");

continuousActionsOut[2] = Input.GetAxis("Reverse"),

public void FixedUpdate()
{
if (rBody.velocity.magnitude < 0.1f)
{
timeSpentStill += Time.fixedDeltaTime;

if (timeSpentStill > 5.0f)

{
AddReward(stillPenalty);

Debug.Log($"<color=red>Episode {episodeCount} stillPenalty Score:

{stillPenalty}</color>"),
EndEpisode();

else

timeSpentStill = 0f;
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private void OnCollisionEnter(Collision other)
{
if (other.gameObject.CompareTag("Wall") ||
other.gameObject.CompareTag("Car"))
{
crashCount++;
//AddReward(collisionPenalty);
Debug.Log($"<color=red>Episode {episodeCount} Ended (Collision).
Total Reward: {GetCumulativeReward():F2}</color>");

EndEpisode();

private void OnTriggerEnter(Collider other)
{
if (other.CompareTag("Finish"))
{
float currentAngle = Vector3.Angle(transform.forward, target.forward);
if (rBody.velocity.magnitude <= 5.0f && (currentAngle < 20f ||
currentAngle > 160f))
{
successCount++;
AddReward(parkedCorrectlyScore);
Debug.Log($"<color=lime><b>Episode {episodeCount} SUCCESSI</b>

Total Reward: {GetCumulativeReward():F2}</color>");

else
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{

failCount++;

AddReward(-500);

Debug.Log($"<co

Park). Total Reward: {GetCum
}

EndEpisode();

}

}
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Game-Based Autonomous Parking System using
Proximal Policy Optimization with Reward Shaping

Vorrapong Srisaard
Master Program in Engineering
Technology
Thai Nicht Institute of Technology
Bangkok, Thailand
2461110039@tni.ac.th

Abstract— This paper presents an autonomous parking
system for self-driving cars using information from a game-
based simulation. Proximal Policy Optimization (PPO)
algorithm is used as the main algorithm of the parking system.
Visual information from cameras on the front and rear of the
car, and the observed states of the car are used as the input. The
agents for the parking system are trained in the simulation
environment powered by the Unity game engine. Two different
agents are trained using the PPO with different rewarding
systems. The first agent receives rewards only when the agent
reaches the goal. The second agent is trained with the reward
shaping techmique. Additional rewards are granted to the
second agent in every action step during the training process.
Agents are trained and tested in the simulation scenario where
the agent must reach the parking slot in the correct orientation
from random starting locations. Experiments include car
parking tests of the agents in the simulation. Success rate of
correctly parking a car at the goal location is used to evaluate
parking performances of the agents. Simulation results show
superior performance of the agent trained with the reward
shaping technique in the task of parking a car.

Keywords—autonomous parking, proximal policy
optimization, reward shaping, unily, deep reinforcement
learning.

I. INTRODUCTION

In present world, about 30% of city traffic problems come
from vehicles searching for parking spots [1]. Drivers spend a
long time looking for parking spots, in which fuel is wasted,
causing pollution [2]. One of available solutions to car parking
problems is the implementation of self-driving vehicles [3].
Different models of Artificial Intelligence (AI) are applied in
most self-driving vehicles, especially self-driving cars, to
provide better experiences for vehicle users [4]. However,
applications of Al models on self-driving cars, encounter
different difficulties. Some examples of such difficulties
include unpredictable environment [5], vulnerability to
cyberattacks [6], and resource-intensive[7].

Among Al models and algorithms available for self-
driving cars, algorithms which applied Reinforcement
Leaming (RL) accomplished significant achievements in
recent findings. The abilities in leaming through trial-and-
error approaches of RL algorithms displayed their
performances in many works such as [8], [9], and [10]. One
notable RL algorithm is the Proximal Policy Optimization
(PPO), which trains its agents based on policy functions. PPO
has been the default RL algorithm for OpenAI since 2018 [11].
Performances of PPO were evaluated in different works such
as [12], and [13].

Verapong Srisaard
Departiment of Computer Engineering and
Artificial Intelligence
Thai Nichi Institute of Technology
Bangkok, Thailand
sr.verapong st(@mi.ac.th

Sivapong Nilwong
Advanced Computation Systems Research
Laboratory
Thai Nicht Institute of Technology
Bangkok, Thailand
sivapong@tni.ac.th

From satisfying outcomes of PPO applications in various
visual-based applications, self-driving cars can also be
implemented with the PPO. Same as other RL algorithms,
simulation environments ~ which resembles the real
applications are required to train agents with PPO. Therefore,
this paper presents the autonomous parking system for self-
driving car using visual information with the PPO in the
simulated world. The agent which represents the car applies a
camera as its only sensor. The parking algorithm is learned
through trial-and-error approach in the PPO instead of hard-
coding. Unity game engine is implemented as the basis for the
simulation of the agent in both fraining and testing. The
implementation of the Unity engine is due to its simplicity and
resources available [14]. Two PPO agents are developed and
tested for the car parking task, in which the agents need to
move forward to the parking slot from random starting
locations within the limited time. The agents possess different
reward functions during the training via PPO. One agent
acquires a big reward when it reaches its parking slot. Another
agent is trained with the reward shaping technique, in which
rewards are granted to the agent in every action. The second
agent also receives a big reward once it reaches the parking
slot. Agents for the parking system are tested in the simulation
environment with the same settings as in the training.
Experiment results show satisfying results from both agents in
reaching the parking slot that located in front of the car, within
45 degrees of orientations from the random starting locations.
Additionally, the agent frained with the reward shaping
technique performs better in the car parking experiments.

This paper is organized as follows: Section 2 describes the
proposed parking system and its components, Section 3
explains the experiments and provides experimental results,
and Section 4 concludes the contents and discuss future works.

II. AUuTONOMOUS PARKING SYSTEM

The proposed autonomous parking system has ifs
workflow as depiets in Fig. 1. The system takes images from
the front and the rear cameras as its input. These images are
fed directly to the core computation component which is a
model based on the proximal policy optimization (PPO)
algorithm. The model controls the car, guiding the car to the
parking area using knowledge acquired from the training
process in the simulation environment. Further details of the
implemented simulation and the PPO models are described in
following subsections.
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Camera Inputs.

Simulation Training

Control Car

Fig 1. Diagram of the game-based autonomous parkmng system.

Agent Spawn Area

Fig. 2. Top view of the simulation environment.

A. Unity Simulation Environment

The simulation environment is created using Unity. Unity
is a popular platform for developing 2D and 3D games and
simulations. There are many resources and assets available in
Unity platform, which ease the development of the simulation
environments. From the top view of the simulation in Fig. 2,
the simulation environment is a simple square room with
white walls on all its four sides. This simulation environment
is utilized in both the training and the experiments of the
autonomous parking system. Different assets from the Unity
engine are applied as objects in the developed simulation
environment. Blue cars are used as obstacles. The vellow car
is employed as the car for the agent. A red cube is placed as
the goal, which determines the parking area. There are three
starting areas for the agent, i.e. spawn areas. The first spawn
area is closer to the goal, with the spawn orientation of the
area facing the goal. The other two areas have spawn
orienfations angled 45 degrees to the goal, with longer
distances to the goal compared to the first area.

The navigation task in the simulation requires the agent to
reach the goal which is located within short distances from
the starting point. The agent must be able to park the car at
the specific location, within the acceptable orientations. The

TABLE L CAR PARKING SIMULATION SETTINGS

Simulation Properties Applied Settings
Time Lumt per Episode 5 seconds
Camera Inputs 84 % 84 x 1 (Grayscale Image)
Agent Actions 4

TABLEIL BASIC SIMULATION REWARDS
Agent State Provide Rewards

Time Usage -10
Dead - 2,000
Bad Park - 1,000
Goal 2,500
Distance Penalty —(Distancegyq x 1.5) — 25
Camera Reward +5
Center Reward 1 — ([image_xgom — image_xcenterl % 2)

actual spawn point and initial orientation of the car agent are
randomized within the three spawn areas at the start of each
episode. The goal and obstacle cars are fixed in their places.
The agent must reach the goal within 5 seconds, as the
simulation episode ends immediately afterwards. The episode
can also end before the timer reaches 5 seconds by having the
agent reach the goal, or the agent gets terminated by crashing
into walls or obstacles.

Table 1 shows implemented simulation settings. Each
episode has a time limit of 5 seconds. Visual information from
front and back cameras of the car is in the form of RGB
frames, with the size of 84 x84 pixels. Each of these RGB
frames are converted to a grayscale image before passing to
the agent. Agent can commit 4 actions to the car including
moving forward, moving backward, turning left, and turning
right, resembling the simplified actions of actual cars.

Similar to other RL algorithms, agents training through
the PPO algorithm require rewards to motivate them. The
simulation provides base rewards as described in Table 2. The
agent receives a -10 reduction on the total rewards in each
step it takes, making the agent move to the goal as quickly as
possible. The largest negative reward of -2,000 is given to the
agent if the agent gets terminated from crashing. Another
larger negative reward of -1,000 is also given to the agent if
the agent reaches the goal with the wrong orientation, without
straightly facing the goal. A minor penalty is given to the
agent based on its location. The greater the distance between
the agent and the goal, the greater this penalty will be. Apart
from negative rewards, the simulation gives different positive
rewards based on desirable outcomes of the actions. The
largest positive reward of 2,500 is given to the agent when
the car reaches the parking slot within acceptable
orientations, 1.e. facing the goal. The reward of 5 is given to
the agent on each step that has the goal within its input image
from the front camera. A reward is also given to the agent
based on the distance between the reward and the center of
the image from the front camera. The closer to the center the
goal is, the more positive this reward becomes.
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TABLE IIL PPO AGENTS TRAINING CONFIGURATIONS
[ Parameter Value
Input 11 Vector: tramer_type ppo
Target Position X [ T
Targst Position Z max_steps 5,000,000
Conv. 1 Comv. 2 Flatten Amgie o Taepst
[Velosity X leaming_rate 0.0001
Velocity 7
+ ﬁﬂ_ leaming rate_schedule Imear
Last Accel
Last Reverse beta 0.001
[View X Deviation
18,817 16 Mers [4,4] * 32 flters [View ¥ Deviation epsilon 0.2
(4 4] stride [2.2] saride Visibility Flag
v f lambd 0.95
I batch size 4,096
Fully Connected Actor buffer_size 40,960
( ] num_epoch 15
K ool () Steering =
. / gamma 0999
S |

g \ 5 )
\ | Value Estimate
o / N/

@

6 Layers, ‘1624 Hidden
Units, Activation: ReL.U

Fig 3. Structure of the PPO for autonomous car parking agents.

B. Proximal Policy Optimization for Autonomous Parking

Proximal Policy Optimization (PPO) is applied to train
agents for the task of parking in the simulation environment.
The implemented PPO model has its structure as shown in
Fig. 3. This PPO model is applied in the training of both the
normal agent and the agent with reward shaping. Visual
information from cameras attached to the car and the
observed state of the car are used as the input of the PPO.
Visual frames from the first-person perspective of the front
and back cameras are in the form of 84x84 RGB images.
These images are processed into grayscale images before
passing through the convolutional layers of the PPO. Result
feature maps from convolutional layers are then flattened into
a l-directional array. The array of flattened feature maps is
combined with observation space vectors to be used as the
input for the fully connected layers further. Unity engine
offers an 11-vector observation space for PPO training. These
11 vector observations comprise target position in X and Z
axes, angle to the target, velocity in X and Z axes, last steer,
last accel, last reverse, view deviations in X and Y, and the
visibility flag. The flattened feature maps and observation
vectors are concatenated to form a state representation. The
state is then fed to the fully connected layers of the PPO. The
fully connected part of the PPO consists of 6 fully connected
layers, with 1024 hidden units in each layer. All the fully
connected layers in the implemented PPO utilize the ReLU
as the activation function. The output layer of the PPO with

4 units are separated into two sections: Actor and Critic. The
actor section, or the Actor Head, applies three units from the
output as actions for the car agent. The actions include
steering, acceleration, and reverse. The critic section or the
Critic Head applies a single unit from the output as the “Value
Estimate” variable for computing the advantage function. As
a result, the output of two sectors enables the parallel
optimization of both policy and value estimation of the PPO.

Configurations for the training of both normal PPO agent
and the PPO agent with reward shaping are stated in Table 3.
These training configurations, which contain
hyperparameters and settings for training the PPO agents, are
provided by the Unity engine. Parameters of the training
configurations can be edited to suit the tasks of agents [15].
The number of steps in the training is set to 5,000,000 steps.
The initial learning rate is set to 0.000 1, which decays linearly
to 0 as the training gradually reaches the last step. The beta
parameter that can cause the policy to become more random
is set to 0.001, which is lower than the default value of 0.005.
The epsilon parameter for evolving the policy and the
“lambd” or the lambda forregularization remain at the default
values of 0.2 and 0.95, respectively. The batch size of the
experiences in each iteration of gradient descent is set to
4,096. The buffer size is set to 40,960, which is ten times
larger than the batch size. The buffer size of 40,960 means
that the PPO collects 40,960 experiences before updating the
policy model. The “num_epoch™ parameter, which defines
the number of iterations that the PPO iterates over the
collected experience buffer, is set to 15. The reward discount
factor or the gamma parameter is set to 0.999. The remaining
parameters for the PPO fraining from [15] which are not
mentioned in Table 3, remain at their default values.

The training of the PPO agents for car parking takes place
in the simulation environment as described in the previous
subsection. The goal of the car parking agents is to reach the
goal location, which refers to the parking slot, in the
acceptable orientations. The car of the agent starts randomly
across the three agent spawn areas in each simulation episode.
The starting orientation of the car is also random, as
influenced by the agent spawn area. The agent needs to move
the car from random starting points with random orientations
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TABLETV. ADDITIONAL REWARDS FOR REWARD SHAPING AGENT
Agent State Provide Rewards

Approach Target (Distance,,,, — Distanceg,g, ;) X 2

Face Right Direction 01

Drive Right Direction 02

Angle Alignment cos(Bg,q) % 0.3
“Within Range (< 10m) 01

Proximity (< Sm) 2 x (5 — Distances,p)

Moving Away -02

to the parking location as quickly as possible. The first PPO
agent was trained in the parking task, receiving a basic reward
from the simulation as shown in Table 2. The second PPO
agent was also trained in the same task, receiving the same
basic reward as the first. However, the second PPO agent was
trained with a reward customization scheme, which awards
additional rewards to the agent for each action. The additional
rewards for the customized agent are shown in Table 4.
Rewards are added when the vehicle approaches the target,
calculated by multiplying the distance from the target in the
current and previous action steps by 2. Additional rewards are
added when the vehicle is facing directly towards the target
and turning towards it, awarding 0.1 and 0.2 respectively. The
angle of the vehicle to the target is also calculated and added
to the reward, using the cos(s) function of the angle to the
target multiplied by 0.3. In terms of distance, a positive 0.1
reward 1s added when the vehicle is within 10 meters of the
target. Furthermore, another reward is added, calculated from
the agent's current distance to the target, when the vehicle
moves within 5 meters of the target. However, the agent
receives a negative -0.2 reward for actions that cause the
vehicle to move away from the target. For each action
performed by the agent, the additional rewards from Table 4
are added and awarded based on the agent's status after that
action. Values of the additional rewards were chosen on a
trial-and-error basis. Higher multipliers on the rewards of a
given state signify higher priority for the state, and vice versa.
Both agents were trained for 5,000,000 steps separately.
Fig. 4 shows the cumulative rewards from the simulation,
which were given to the first agent with basic simulation
rewards. In the first 1,000,000 steps, the rewards tend to be
more random. The cumulative rewards steadily increased
more than 50 times from the step 1,000,000 to 2,000,000. The
rewards became more saturated from the step 2,000,000
onwards. These characteristics of the rewards can be implied
that actions of the agent prior to the step 1,000,000 were most
likely random, which resulted in low cumulative rewards. As
the tramming proceeded to the step 2,000,000, the agent
gradually selected actions that resulted in more satisfying
outcomes from the simulation, which can be observed from
the great increments of cumulative rewards during these
training steps. After training for 2,000,000 steps, the agent
successfully discovered suitable actions for the states of the
car, as suggested by the saturated rewards from the step
2,000,000 to the final step of 5,000,000 in the training.

En.. /Cumulative Rewa

Fig. 5. Cumulative traming rewards from the agent with reward shaping.

The training of the agent with reward shaping resulted in
different characteristics in the cumulative rewards, as shown
inFig. 5. The cumulative rewards prior to the training step of
1,000,000 were an increasing trend, which suggested that the
additional rewards helped the agent find a suitable policy for
the task. However, the cumulative rewards sharply decreased
shortly after the step 1,000,000, then quickly recovered and
increased afterwards. This high fluctuation in the rewards
was suspected to be caused by the discovery process of the
agent, which had the settings of parameters related to the
discovery and random actions set as in Table 3. Apart from
the fluctuation, the rewards greatly increased until the
training step 2,000,000, then slightly saturated to the end of
the training. This can be implied that the agent with reward
shaping was successfully discovering the best actions to
complete the task prior to the step 2,000,000, then suitable
actions were discovered afterwards. One notable point is that
the agent with reward shaping achieved higher cumulative
rewards in majority of the training steps.

ITI. EXPERIMENTS AND RESULTS

The trained PPO agents were tested for the task of parking
in the simulation which pc d the same settings as in the
training. Each agent was tested with the parking tasks 100
times in a 3D simulated environment. The agent started
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b

Fig. 6. Example of the agent mitial states in car parking expenments.

TABLE V. EXPERIMENTAL RESULTS OF THE CAR PARKING AGENTS
Measurements Basi;l;:_;:irm Rewa;;;:ping

Number of Experiments 100 100
Success Count 69 98
Success Rate 69% 98 %
Crash Count 1 0

Crash Rate 1% 0%

Time Out 30 2
Time-Out Rate 30% 2%
Maximum Distance 13.79m 13.79 m

randomly in the starting areas or the “spawn areas” indicated
in Fig. 2. An example of the initial state of the car is shown
in Fig. 6. From the starting location, the agent needs to move
the car to the red cube goal in acceptable orientations. Fig. 7
illustrates the first-person perspective from the front camera
of the car. The agent must move the car from the random
starting location, as an example shown in Fig. 7(a). The agent
needs to steer the car towards the goal while also moving the
car closer to the goal, as the goal object becomes larger and
closer to the center of image in Fig. 7(b). The parking is
completed once the car reaches the goal within the acceptable
orientations, as shown in Fig. 7(c). The car needed to touch
the goal, with the goal object near the center of the image
from the front camera of the car as much as possible.

Results from 100 testing episodes of both agents are
described in Table 5. From 100 experimental episodes, the
agent with basic rewards training successfully parked the car
69 times, achieved the success rate of 69%. Among the 31
failed attempts, the agent crashed 1 time, which counts as 1%
crash rate. The remaining failures occurred by the agent not
being able to move to the goal location within the time limit
of 5 seconds. The agent reached the time limit 30 times,
counting as 30% time-out rate. The agent with the reward
shaping achieved a better success rate, as the agent was able
to reach the goal within the time limit in 98 out of 100
experiments. The reward shaping agent failed only 2 times in
the experiments, which translates to 2% failure rate. The
failed attempts of the agent were caused by the time limit
only, as the agent never crashed.

(@)

©

Fig. 7. Images from the front camera of the car in different states: (a) initial
state, (b) moving towards the goal, (¢) reaching the goal

The experimental results showed that the difference in the
success rate is 29%, with the reward shaping agent superior
to the basic agent. From experiments, an introduction of the
reward shaping during the agent training resulted in an
increment of approximately 42% in the parking success rate.
Details on the failure rates can be implied that the agent with
basic rewards tended to stay still to minimize the penalties,
once the agent reached the states which were difficult to
proceed. In rare occasions, the agent also crashed to end the
episode early. The reward shaping technique helped reduce
these failures by influencing the agent to move towards the
goal, as observable from the significantly lower failure rates
in Table 5. Moreover, these failures from the reward shaping
agent were only caused by the agent staying still, which
means that the agent with reward shaping is safer to be
implemented in real-world environments. Performances of
the agents illustrate the impact of the reward shaping
technique on improving the agents for simple parking tasks.

IV. CoNCLUSIONS

This paper proposed an autonomous parking system using
PPO with information from the game-based simulation.
Visual information from the front and the rear of the car was
applied along with the observed states of the car as the input,
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in which the information of states was provided by the
simulation. Two PPO agents were developed, trained, and
tested in the simulation powered by the Unity game engine.
Both agents were trained in the car parking tasks, with
differences in the rewarding policies. The first agent was
trained with basic rewards provided by the simulation. The
second agent was trained with basic rewards and additional
rewards through the reward shaping technique. Additional
rewards were added to the second agent according to the state
of the car after each action. The agents were tested in
experiments that required the car to be moved to the parking
target from random starting locations 100 times in the simple
simulation environment. During the experiments, both agents
were able to move the car to the goal successfully with
satisfying results. The experimental results dictated that
performances of the agent with reward shaping were superior
to the first agent with basic rewards in every aspect.

Future work can include the training of the parking agents
in more complex scenarios, such as parking in larger areas
with more obstacles, parking in a parking building, and
parking backwards to specific locations. The trained PPO
agents can also be employed in real cars or toy cars for further
experiments in real-world environments.
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