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An Overview on the Adaptive Dynamic Programming Based
Urban City Traffic Signal Optimal Control

ZHAO Dong-Bin!

Abstract

LIU De-Rong!

YT Jian-Qiang’

This paper surveys the algorithms and application of a hot spot adaptive dynamic programming (ADP). Some

key research issues, including convergence, stability, and coordination of adaptive dynamic programming, are extensively

analyzed. The problems of urban city traffic signal control and current control schemes are introduced, as well as the

present and potential applications of adaptive dynamic programming in the optimization of traffic signal control both in

surface way intersections and freeway ramp metering systems.
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Fig.1 Schematic diagram of the structure and training
of ADP (The solid lines represent signal flow, while the

dashed lines are the paths for parameter tuning.)
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Fig.2 Schematic diagrams of traffic signal control for

cross intersections and expressway on-ramps
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Fig.3 Coordinated traffic signal control for

multiple street intersections
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tion comprising an on-ramp and an off-ramp intersection
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