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Abstract This paper is intended to develop a decision model that can be applied to autonomous vehicles and
autonomous mobile vehicles. The developed module has an independent configuration for application in various
driving environments and is based on a platform for organically operating them. Each module is studied for decision
making on lane changes and for securing safety through reinforcement learning using a deep learning technique. The
autonomous mobile moving body operating to change the driving state has a characteristic where the next operation
of the mobile body can be determined only if the definition of the speed determination model (according to its
functions) and the lane change decision are correctly preceded. Also, if all the moving bodies traveling on a general
road are equipped with an autonomous driving function, it is difficult to consider the factors that may occur between
each mobile unit from unexpected environmental changes. Considering these factors, we applied the decision model
to the platform and studied the lane change decision system for implementation of the platform. We studied the
decision model using a modular learning method to reduce system complexity, to reduce the learning time, and to
consider model replacement.
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Fig. 1. Block diagram of Autonomous vehicle.
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if v>16

safe distance ={ .
- otherwise
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velocity :
time interval :

v(nvs) (Max 16.6667m/s)
At = 0.01(sec)
action : acceleration, deceleration, maintain
if action == acceleration then
vt = 10.0 x At + vt-1
else if action == deceleration then
if turn_signal == on then
vt = -5.0 x At + vt-1
else
vt = -20.0 x At + vt-1
else
vt = vt-1

Fig. 3. Definition of Velocity.

22 Aol 39 A7 A8 oAAY
AN ZA8 ol Ao o] Aeal 2 Ex}9)
gl &A1 wl, 23F 521(Vehicle to Vehicle, V2V),
Z41(Vehicle to Internet of the public, V2I)=

=o] YAERL = AP R} FellEe] 914

W6,

371E fﬂzﬂ —Zrﬁﬁi}’“ doll Aofzel Sle
ah=A], o= Al
A AFEe] 4

Py
S

gl

641

730] 7324 2] A]Pg

(Action)©] o] 5o

A4 ool o
A, g AR o5
S=331A €. Fig. 20
2, 3E e A HAS 95
W RLOl| $A|gk Apgke] fAs]oF & b
Fo} FLol| 918k 232} kA2 2] 30% 1LH, Lol H
pﬁt} T RS 93

o]

=

2ol oz 2

g5l tldlA+= Google DeepMind ol 4]
o] i3l Deep Reinforcement LearningS 4

A& A8

3.1 Deep Q—Network

DQN 7|24 o2 Q-LeaningS
State®} Action, Reward, Agent= -3} Agent”}
Stateol] &l 717 RewardE %o] ¥+ Actions SHAIH

2 #7e

qul

7]dko.

gl

Al AsdtEs A}%ﬂdr[ﬂ
Google DeepMind H- Atari Aol 8+ 2gS 5
3“ A=A kS o] 23} 7]—:@:]—5; —{—5— S 3 rrelatlon.\,}-

Non-stationary targets 2 22> F8 A9 )24
oWt} Correlation #A1E #7 Stateol Al Agent7}
#g Actione g3t sH53t uf Alzke] tet A
A7t Q== F29 2 Replay 3h= 41S B3 s dst
$137[8], Non-stationary targets %Xﬂ R &2 o F
Weight 7} 3} ™ ﬂég
o= AskA| dal, AT

15
S Target

=
4



AR A 7tnfr} A1 AW} Target A

M Non-stationary targets ‘A& 3l

ol
[o
e
~
>

TAHS 14 koAl Capture & Replay W43} Target

Neural NetworkE 73 AZA14% 298 853813t

3.2 £xd4 Bl sy

E4A BdS dhgely] A9 ASNEY e
Fig. 49} o] Stateol sl 6719 dH7 245
(Hidden Layers) 12|31 Action®l] 319 3l= 3714 &8

= 2 sisith

Distance | —+ () \
L |—» . X \
R |— () ‘:'0 i
RL | —» (YR

FRR |y .A

— | Maintain
— |Deceleration
— |Acceleration

O
Velocity |—+ .%’E
!

Hidden Layer: 5

Fig. 4. The Deep Neural Networks Structure of
Velocity definition model.
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state = [v, F, turn_signal]
turn_signal = [FL-L, FL-R, FR-L, FR-R]
where,
v : velocity of car (m/s)
F : distance between F and car (m)
FL-L/R : FL Left/Right signal ; 0 or 1
FR-L/R : FR Left/Right signal ; 0 or 1
action = [Dec, Stay, Acc]
where,
Dec : Deceleration; 0 or 1
Stay : Maintain speed; 0 or 1
Acc : Acceleration; 0 or 1

Fig. 5. Definition of State and Action for the velocity
decision.
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Reward Strategy
Collision : -50
When, F < 1
Unsafe safety distance : -5
When, F < safe_distance
Unsafe actions : -5
When,
FL/FR turn signal = 1 and
action is Maintain speed or Acceleration
Lack of speed : -5
When,
F > safe distance and

action is Maintain speed or Deceleration

Fig. 6. Definition of reward strategy for the velocity
decision.
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state = [[Ft, FL/Rt, RL/Rt, Lt, Rt, direction],
[Ft-1, FL/Rt-1, RL/Rt-1, Lt-1, Rt-1, direction],
[Ft-2, FL/Rt-2, RL/Rt-2, Lt-2, Rt-2, direction]]
direction = [Left, Right]
action = [Dec, Stay, Acc, Move]
where,
F, FL/R, RL/R : distance from car (m)
L, R : presence or absence ; 0 or 1

Left, Right : directions; 0 or 1
Dec. : Deceleration; 0 or 1
Stay : Maintain speed; 0 or 1
Acc. : Acceleration; 0 or 1

Move : Change Lane; 0 or 1

Fig. 8. Definition of State and Action for the lane changing.
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Reward Strategy
Collision : -1,000
When,

Safe distance of located in RL/R < 30%,
Safe distance of located in FL/R < 30%,
RIL =1

Successful lane change :

-1

0

Otherwise :

Fig. 9. Definition of reward strategy for the lane changing.
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