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Reinforcement Learning-Based Adaptive Traffic Signal Control considering
Vehicles and Pedestrians in Intersection
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ABSTRACT

Traffic congestion has caused issues in various forms such as the environment and economy. Recently, an intelligent
transport system (ITS) using artificial intelligence (AI) has been focused so as to alleviate the traffic congestion
problem. In this paper, we propose a reinforcement learning—based traffic signal control algorithm that can smooth the
flow of traffic while reducing discomfort levels of drivers and pedestrians. By applying the proposed algorithm, it was
confirmed that the discomfort levels of drivers and pedestrians can be significantly reduced compared to the existing
fixed signal control system, and that the performance gap increases as the number of roads at the intersection

increases.
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Fig. 1 Traffic signal control system in intersection
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Algorithm Q-Learning-based Proposed Algorithm
1: // Initialization

2: N < # of Directions in intersection,

3. M < # of Times

4: € + Explore weight

5. DECLARE VM,N,N*Z Q—Tablc

6: // Main Loop

7. for ¢ = 1 to # of Learning iterations do

8: for Loop by Time interval do

9: L, + List the discomfort value in each directions
10: nk ¢— arg maxL,,

11: R+ Zf:’:l L

12: // Update VI\J,N,N#

13: Vi ¢ (L= ) Vi ppat

14; a R+ (v Vi)
15: z < Random from 0 <z <1

16: if z < ¢ then

17: n +— Random from (1,...,N)

18: else

19: n < argminV,, ,
20: Now sigﬁgﬂ «~ D,
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Fig. 3 Propose reinforcement learning-based adaptive
traffic signal control Q-Learning algorithm
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Table 2. Hyper-Parameter settings for simulation

Name Values

Learning iteration 7 = 100000 (sec)

Time interval 1000 sec

Weight between the vehicle and the pedestrian w = 0.5
Intersection Type (Direction) N =

Learning rate a=02

Discount factor v =10.9

e-greedy parameter e=0.1
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Fig. 5 Comparison of average discomfort value
according to the number of intersection directions
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