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Abstract

Research into vision-based end-to-end autonomous driving systems utilizing deep learning and reinforcement learning has been
steadily increasing. These systems typically encode continuous and high-dimensional vehicle states, such as location, velocity,
orientation, and sensor data, into latent features. which are then decoded into a vehicular control policy. The complexity of urban
driving environments necessitates the use of state representation learning through networks like Variational Autoencoders (VAEs) or
Convolutional Neural Networks (CNNs). This paper analyzes the impact of different image state encoding methods on reinforcement
learning performance in autonomous driving. Experiments were conducted in the CARLA simulator using RGB images and
semantically segmented images captured by the vehicle’s front camera. These images were encoded using VAE and Vision
Transtformer (ViT) networks. The study examines how these networks influence the agents’ learning outcomes and experimentally
demonstrates the role of each state representation technique in enhancing the learning efficiency and decision- making capabilities of
autonomous driving systems,
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Steer Previous timestep steering
Direction Angle between vehicle and waypoint
Distance Signed perpendicular distance from waypoint

Table 1: Agent’s state
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Figure 3: Top row: (Left) Original RGB Image, (Right) Original
S8 Image. Middle row: (Left) RGB Image Reconstructed by VAE,
(Right) 55 Image Reconstructed by VAE. Bottom row: (Left) RGB

Image Reconstructed by ViT, (Right) S5 Image Reconstructed by
WiT.

IMe AteFd Aol =Y 27 18 S 2 Ha3t617|

rho
rr
Ho
2

S8, Xtz 2 Fjof2tof M F S 0|0|x H0|E|F VAE £&

VIT QIEHE AR50 ™o 2 F| 272t 213

O & HE+£ Figure 42t Z0| PPOS| LY HEI=Z

O[85tRALt O|OjX| ClOlEel 2I=2E o2 JEHo| et
Ct2 A A7EE|RCH Semantic Segmented (SS) O|O[X|E

ANE5H= 220 SS-VAER) SS-VIT CQIRGE &25i¢on,

Atgk MO FlO2t=  Semantic Segmented 7HEIE
st e, RGB O|O|X|E AtBSt= HR0&= RGB-

EL b

VAE®R} RGB-VIT 2I1RCE AMESHRCE Ol2ist QI2E FZ

urAlL ppo ZBtBl&ol Bl BES A A ZICHo).

1] b LU

Speedd
Ihrmttle
+ Provious Sicer vl —=
Drection
Tistance [rom center

PPO
Netwnrk

Encoder
qlxl

gFo=RE A0 met ZFYECh ofojH

AFYME S 2K A2 T ¢ M E%SID Kendall 52

Seote dESIRALE EHF

Ho
0x

_U't
>
rr
o
oo
[

20| A5

R(s,a,s") = Ryan(s,a) Rspncd(sra:’ + Rsafcly(sr a).

- 115 -



iy
[
il
L]
o
e

Mz2 e s 0 7|25t ALl o

s 42 F35, 55 /X ¢H 28 M 7K F2 748
QA2 0|R0{X QICt

2 35 BY ZE FF 2 Rpan(s) 2 X0 £29|
SHdS 2oLt B GEsXo o2t AMELE ol
THEZRHO HE| BY Renert 2 2 Range F 7HA

72 942 FHEC M, SHORLE 2| =YL

A0 =22 SHUY JES

zs

Mo

a

mjo

%

rr

cf

d
Rcemer(.?,ﬂ) = max (1-0 __ _center . U)

max

OI7IM deenter = AHE2| B X2t =2 SoH

r

“
i
1o

7-|EIO|D:|J fiIrna_u:l— *‘IEH _L{ﬂ }IEEE 2mz 4 ‘{L}ﬂtl' Z].E

PN

ro

xt2to|

o Ty geko] =20 T ek

AnpLt B
UX|SH=K| 8 LIEPHCE

vehlcle = IE'ilrcrat:l
Rangie(s,a) = max(l 0-

D.I’J).

EJ %h:g ZI’EJ g[oadf Ei-c'—l

I‘TIE!K

017“\'1 B\mh;c]@l_ x}%ﬂl |_I“

rA

4 gY 4L, 6, = U 518 A= XO0l2 2055
HO7tH B2 & O|ET Aoz dFOAUCL et 2T 3=

£Z HAS CHedt 20| FolECY,

Rpath(sra:} = Reonter Rangle'

£ QK| BA R ()2 AT SET BH 5 HY

Lol U8 ) T 52 BM2 HEE HASHACL FHEOE,

xjgto] $E7 24 & 15km/h D|2HY B9 HT SEE

Ha AE2 Lhe 242 UNOR MHHAACL A SE7}

2F %5 25km/hEC 3 A £5 40km/h O/9HY

ARUE(10-(EMSE - SHEE)/ (HYEE - SESE))
US HYoz JPSIAUCL Tof Aol £27 FH £
&0 1002 HHESIAULCE

Ol ChZ1h 20| Zolgd 4 AUtk B, gl K27t 22

E v 20 B8 M2 242 o2 2k
velocity
Rspeed{srﬂ) T
Vmin
Ao 'ﬁr';E:'I' EEE s Viarget EE} %xiﬂ' iltﬂ =i

VmaxEﬂ_E}’ 9SS mje| BAk2 CrEat 2k

velocity —

W
Rspeed(srﬂ) = 1.0 - taTgEt.

Vmax — Viarget

NEe K20 SH S5 v, WO AS We EYE a1t

#rf:
R peed(s,a) = 1.0
metM XE S5 |A| 242 o2 20| o=t
E}Eﬁ:ﬁ if velocity < Viin:
Ropeea(s.a) = € 1.0 — EJ—?-‘:’—'—’—E"‘“ if Vmin < velocity < Vs,

max — Viarpes

1.0, if velocity = Vignper.

¢ & B 2T 2 BY Ropey(s,a)2 XHE0| QH T

=TS St=X & U6, HoilE 2ot 53

-116-



wy. if collision occurs,

g, iF distance from center = max distance from center,
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