Vol. 499 No. 1

ooooooooo

Joboobooooooouooga

0O O o of2
O o o ofs

o o o oft
o o o oft

0000000o0oooooooooooooooooooooOoooboOoOobOObOODbbobooDo
0ooooOobo0oO0o0Oo0o0oO0ob0O0OO0DO ITSO00000000000O000000000
gooooooooooooOOoOoOoOoOoOoOoOOOOCOOCOCOOOOOOO0OOOoOOoooooooo
gooooooooooo0oooooobbo0ooooooooooOoboboOobooOoooooooo
goooooooooooooOOoOoOOOOCOCOOOOO0OODOOoOoooooooooooooo
goooooooooooooOOOOO0OCCOOOOO0O0O0O0O0OOOOOoOoOoOooooooooooo
oooooo

A Traffic Signal Control Using Self Vicarious Reinforcement Learning

TADANOBU Misawa, ! Kos1 ABE,? Tersuya SHimoxkawaf!
and HARUHIKO KIMURA 3

As improvements for increase of traffic jams and accidents, ITS (Intelligent Transport Sys-
tem) and high-tech signals have been introduced. On the other hands, when such a large
system as a traffic control system is designed, multi-agent system is often applied. However,
multi-agent systems have a problem of demanding large learning time. In this paper, we
present self vicarious reinforcement learning as a method for shortening the learning time and
apply in traffic signal control. In addition, we simulate the proposed system using the self
vicarious reinforcement learning for traffic signal control and show the usefulness of the self
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vicarious reinforcement learning.
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Fig.1 Vicarious reinforcement learning.
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Fig.2 Self vicarious reinforcement learning.

23 O0OO00O0OO0OODOOODOO

0000000 Vicarious reinforcement learning]
00 010000000000000 MOOOO Abil-
itytD ADDDO 0000 QOO0 Environment[ EOO
Jo0o0oooO0ooooOo MOOOOOOoOOoDOO
0000 M*O AbilityD A*0 Environmentd E*0O0 0
00000oooooo0 M*O000O0O00O0O0OOd
000000000000 000o Vicarious reinforce-
ment0 00000000000000™0oO0O000
goooooboooooooooobooooooooo
gooboooobooooooobooOoooobooonDo
goooooboooooooooobooooooooo
goobooo0oooooooooooooobooobo
gooobooooOoooooobooOooooooobo
Jo0oobooooO0ooooooooooooooon
JoooooOooooooooooOoooooooo
0ooddooooooooboooooooooono
dooddooboooooooooooooogo
0oooooooooobooooooooooooo
gooooooOoooooOoooooboooOooooo
oopbooooooooooo

24 0O0OOO0OOODO

goodo 220230000000000000
goboOoo0obooOooooobooOoooo
ooooooon

jddd0o00o0o0oo o2000000ooggooo
0000000 Stated SO0OOO0OODODOO SOO
0oooo s, 00op0ooogoooooo s; 00

goooooooooooooooo 447

te 3

Stat 1//\&3
a<e 2660606 R
State 2

(a) Reinforcement learning

SIS
Rein t—f State 2
einforcemen 066606 Agent

(b) Self reinforcement learning

State 3
Self reinforcement

Sefl vicarious reinforcement

————~State 3

EEEY)

Self reinforcement

State 2
Reinforcement

_t
=2t [00666] agent

(c) Self vicarious reinforcement learning

© The rule which has not been learned.
@ The rule which has been executed and learned.
® The rule which has been learned.

The state 1 is similar to the state 3
03 OOOooooo

Fig.3 Comparison between the learning methods.

0000000000 Self vicarious reinforcement
0oooooo s;0bo0ooooooog
O100 Agent 0000000000 OOOOO
000000 200000000000000DO00O
000 StateJODO0O0D0O0O0OO0ODOOOOODOOOO
000000000000 10 Ability 00O 20 Rule
gboboboboboooobuoobouoboobooo
gbobobooooobobobooboboobooobooo
gbobooodoboobooboobooboobooo
goo0odoboobobooDbooooboobooo
JooobobOooooo 10o0bbboooooooo
0ooooobo0o 220000000000000
00o00o0obOo0obOo0oool1ooooboooo
0dooooooooooooooooooooo
030000000000 0o0oobooooooa
0o0ooooooooooooooooooooon
03000b0boooboboboooboboooon
gboobboobobboobdo eboboobobg
00o0obO0ob0 oO0obOOooooboboooooo
O0  UUD0DM 00000000 3(d)0000ODO
01000000Statel 0 oOOOOOOOOOOO
J0o000O000O0o0bOoobooboboooooo
000000000000000000000 3(a)0
000000 500 Statel DOODODOODOODOO
00000ooo0o0oooooooooooo 3(b)



448 ooooooooo

O0000D00000ODOStatel D o OOOOOOO
goooboooooooobooobooooooooo
O00000O00OStatel 0 @OO0O00O00O000OOO
1000000000 1000000000000 O0
000000000000 3(c)D00D00O0DOO
ODO0O0OCStatel 0 o0 OO0O0OO0O0OO00OOOOO
gooooooooooobooooobooooooo
O00000000OState3a0 000000
oboboooooboooooooboooooooo
goooobooooooooooooooooooo
goooooooobooooooobo1ooo0oooon
goooobooooooboooooboooooooo
gooooboooooobooooooooooooon
goooboooooboooooooboooonoooo
gobooooboooooooboobooooo
gooooboooooooboooooobooobo
goooboooooooooooboooooooo
gdooooobooooooooobooooooooo
gooobobooooooooooobooooooooo
gooboooooooooobosboooooooon
goboooobobooobooooooo

3. Joooboooboobooboonoo

00000o0oo00oooooooooooooon
O00000oo0oooooooooooooodg
0o0oooooooooobooboooooooon
dooodooooooobooboooooooooo
oooUooooooooOoOooooooOoOoOooog
ooooOOoooOoooUoOoUoooooooooood
o0oo0O0oOooooooooooooooooood
0000000000 Traffic Signal Agentd 00O
OO0Sensor0 00000000 OOODODODOO Guess
moduleD0 0000000000 ODOOOOOODOO
0 O Recognizing module0 O 0000000000
0oodoooboooooooooooooooono
000000 Selection moduleD 00O O0O0O0OO0O
ddoboooodooooooobooooooooo
0000 Learning module0 0 0D O0O00O00OODOOO
Oo00ooopooooouoooo40uoO0ooooog
oooooooood

3.1 0 O O

SensorOwt 00000000000 OOOOOOO
OO0Sensorln 000000000000 OODOOOO
00000000o0oooooo400™ooogg
0o0oO00O00bOobD 20000000000000
ddo0bOoO0o0o0oobOoOoO0oOooobooooooo4

Jan. 2008

]
Sensor

T
Sensor

@Sensorout SensorIn
Percept

Yercapt

“ Car < “ Car }ileighbori?gn
Traffic Signal Agnet
—_—
Guess module Learning module Reinforcement
Stop conditions|| Self reinforcement
Self vicariouce reinforcement

Selection module

My state
Change of weight
Selection of rule

izing module

Rule : IF (State) THEN (Action)+ Weight
State : My state and neighboring state |pyle subset
Action : Green time

L

Green Time

Neighboring state
04 000OO00ODOODOODOOOOOOOOOOOO
Fig.4 Model of traffic signal agent with self vicarious

reinforcement learning.

oobOg8oooooooooom
32 0 0O O
oobO0ooooboooooooooobooOO0ogOstop

conditions0 000000000000 O0OOOCOO

goooboooooooooooooooooooo

0d0000000n ¢ 00000000 mwa(g)

ooboooobooooobooooooooboon

3.3 0OOoOad

IFOOOOTHENOOOO+OOOCOOOOOOO

ooboooobbooobooooboooooo

gobooooooooooboooooooboooooo
oooooobooooooooobooobooooooo
Oood00O0O0O0oooOoO0Om

mrld O0O0O00O0OO0OO0OOOOOODOOOO
mws000 400000000000
0 mwg(0)D
nrgd 00 400000000000
gooooood
nged 00 40000000000000

0000000000nreOng00000000
00000000000000000000000
0000000000 N, 0000000000
000 mr [} (mwasnraxngs) 0000000
0000000000000000000000
00 Modular-Q-Learning ™ 00000000
000000 d000000000000000
00d0O00000000 mr(mwy*nrg+nga)
00000000000000000

goboboooooooooooooo
g;00000yj0000000

udoooooooooos3sooooooooo



Vol. 499 No. 1

ooooboooooooboooooooobooboooo
oobooooooooooooooboooooo
ooooooooooooooobooboboooo
oooooobooooooo

goooooooooboobbooobooooboog
gogobooooo
3.4 OOOOO
ggbooobooboooboboobuobboboo
gooooboobooOooOoboboOoooobooobo 400
gooooboobooobo doooboobooobooo
gboooooboobobobooboobbooboooo
gooooooobo e0ODOOO0O jO05=1,2,---0
0000 Wi 00000max{y Wi, > Wi, -}
Ooooooo yO0O000 g, 000000
35 0 0O O
24000000000000000000O0D0OO
000 d0000000000000 oO0O0O0OO
gobobobobbobobobobooooooo
gboboogoo
oo ogoo
goooboobooboooboobooboooboo
000 SRL4TSCO Self Reinforcement Learning for
Traffic Signal Controld OO OO
000000 SRL4TSC
goboooob g 00O0O0O0sOoOoobbooOog
obomm
i ooo g, 00000000000 g; 00
ooboodooooooobooooon srg 00
ood
goooboobobobooon
srgj = (tna(g;) — mwa(0)) * 3
goooooooboobobobo
sra; = —mwa(g;)
O00O00Otng(g;) OO0 40000 g; OO0
SensorOut 00000000 O0OOO0O g, 00
00000000000 tna(gs) + mwa(g;)0 0
00D00000muwa(g;) 0000000000
00 sdli,g) O ixes OO0DO0OODOOOMMIO
Oo0p0>100000000
g20 boboboooooooobooboboo
gbobobobooboobobooooon
gboooooboboooboooobooboooog
000000000SensorOut000000O0DODOO
gboooobooboobooooboooboobooo
goooboobooboooboooboooooboog

goooooooooooooooo 449

Selection Module

A
g, = dgg = 40 [sec]
g4 ={5,10, -~ - ,60} .3 =2

green time [sec]
5 10 15 20 --: 40 45 50 55 60
Lagl-2ef-s]-a] Jelsfo]o]s]

(1) after O[sec]

o
5 10 15 20 Sl 40 45 50 55 60
[-23]-24[-s[-o] [s[s]ofo]s]
T (Te+(-2*2))/2

, mw,(0) =7

(2) after 5[secl , tn (g ))=3 , sr;=3-7=-4

10 15 20 -
[-23]-10[ -5]-1]

- 40 5 50 55 60
J7]s]9[10]10]

(8+(4*2)/2

(3) after 40[sec] , tn d(gs)=10 , srds=1l-7=4

mw (gg)=1
0s OoOoOooooo

Fig.5 Example of self-reinforcement learning.
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Table 2 Average of the offset.
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Fig.12 Comparison between CSRL and CSVRL in
random selection.
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Table 3 Comparison between CSRL and CSVRL in
random selection with goal.
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Fig.13 Results of the simulation 3-1.
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Fig.14 Results of the simulation 3-2.
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