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Intersection Signal Model based on Reinforcement Learming to
Minimize Waiting Time

TR - ZCHZ* - O[RISH** . TR rr
Gu, Ja Woon * Kim, Dea Gyun * Lee, Min Hyuck  Jun, Chul Min

£ B

T AT ZAE fEs] fls) A wEolE 71Nk A o] ofd, Z|AISHGE o83t HlolE 7Rt
o] Aol HEgE L gtk & Ao AFEY YIIAIRE HAaTE AR A3EG 7N AR AT 2Y
S Aotstch B mEL Deep Q-Network A1 E]&L 7juto g AA7F BEFS Qduty, xFS59] HAIA4S
FaA7le AZHES AEsith 2 Ao A4 A84S Lefste], URbHl AR AT A9 i 5
AR AlokE T wF Y S-S S vholag wF AlEHolEE o]&ste] AFAQ A Yy, 7
29 ATea] By 2 2y e vt A3, ti7|AIRE AXSle 5 B EoA & o] B S43t
2HE =&

SHAIRO] : WAR AT B, 7FEslsy, 1% AlEdHo]4, Deep Q-Network

Abstract

To solve the traffic congestion problem, recent studies are more using data-driven approaches by machine learning
than traditional traffic theory-based approach. This study proposes a reinforcement learning-based intersection signal
model to minimizing waiting time. Based on Deep Q-Network algorithm, RL model computes signal patterns that
reduce traffic congestion by taking into account real-time traffic flow. For practical applicability, RL model learning
was performed including signal sequences and minimum green time constraints. Using a micro-traffic simulator, we
compared the performance of RL model with the traditional model, and we found that RL model had better results
in the evaluation indicators such as waiting times and the number of stops.
Keywords : Intersection Signal Model, Reinforcement Learning, Traffic Simulation, Deep Q-Network
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Figure 2. Learning process of the intersection signal model
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Table 1. Training scenario
Case A Case B Case C
Network structure
Signal y ‘\ J — \' _} —— \'
sequence —‘4 f — \ f — ‘\
Initial green time | g, 50 25 25 | 25 | 25 25 25 25
(second)
Min green 30 10 10 10 | 24 10 24 10 24
time(second)
Traffic L
(veh/hour) Random traffic between (0, 300) generated for each direction
At (second) 1
T (second) 100,000
Episode 100
otk AYE| 9L 37 watE Fejo] AlolA A, 47 4.2 st& Znt

A= Gejo] Aols B, 2740] A% 47 Ao
A SRS A Aol cx A Aola ok
7} wAm g shte] AE Byl i, 3, 2710] 51
AU AR Sl Aeleslt
Aol C T2 Aol A5 e Fae] s
Hz)do] EaEo] k.
7} Q5 Aol A5 27] A
AEe] s ¢ ;}71] >
tof Hgaloch shyol Mg WELL 14
= AdeiA el W Aako] H 0

A 2t 300H7HA] WERA] Sl

green time)< 10025

Fd BAARES ANPAQ] WALR O] A9 HAAS T
29} AT 325 L] 027} ofE) 2
HRETE 2T S, BRo] Zil RasEg u2g

FAeAgle] Ak Al gk B Aol
# A7 o 0 b S Fmsiol i el o
2 A =M7ES 28] ME]-(Kang and Oh, 2004).
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Figure 5. Cumulative waiting times(s) each episode; (a) Case A, (b) Case B, (c) Case C

Table 2. Test data and optimal signal patterns

T8 Case A Case B Case C
400 ml Ilfiﬁ — 4% mol Ilio mol Iltio 400
I 60 I 60 I 60
Test traffic L R,
(Veh/hour) T 120 T 120 -«—
50 w0 ;G—I 120 650 ’ ;o—‘ 120 120] |50
Signal — <\ _j — k | L| _j — k»
sequence —‘C —_— ‘\ R f — ‘\
Duration(s) | L |
[PASSER II] 97 13 14 56 13 27 R 14 56 13 27
10.0 53.7 10.1 24.0
Duration(s) L
10.0 | 349 10.3 24.0 /0.1 /11.9 /0.9 /0.1
Eilga?;dig S4LA4 | 1000210 a6 | 02 | o L1002 | 100 | 24
) /0.1 /11.5 /0.1 /0.1
22 57 Aeith ES Aolx Be} Alola Coll  Fig. 78 3744 BEE SUMOO] Agste] 1417 5
alAE FUe HES A9 AlolA Col & F A HE ke =3 di7|ARI =2 HASl
I QER WARE FYUS dEe F&siql £ vehd Aotk Algke] di7| AR} AASeE AT
2 AT By AgFPol7] wigel, Az do] HFP9 s Hrsh=t] ule- HHH HEo|r}
o} ZF A5 =MA)7to] AASHA] ettt o]o] Table 2 (Roess et al., 2004). 37}4] &2 PASSER 1I, & Al
O] Az HAAILE Pt FZHAE Zh=th Fig. © WFP(RL modell), Z3Fels 7|9 vl 2F(RL
6% ol% Wr} AWM O ekt Fig. 6= g A7 model2) 0 & FASICE Aaksle luk um mge
B #SE AZFIE =X v UERd o] 2 B3l 5YU% DON ¢aE|EE A-E8staAn 4l
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Figure 6. Green time ratio by case; (a) Case A, (b) Case B, (c) Case C: left intersection, (d) Case C: right intersection
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