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Abstract: In order to effectively reduce the avefage y and number of stops for urban traffic trunk roads,a deep Q
d a DDDQN (Dueling Double Deep Q Network) method is present-
le deep Q network and the dueling deep Q network, and views the

network is introduced to arterial coordinated .
ed in this paper. This method combines the
trunk road as a whole. The deep neumal network®is applied to find the correlation of the coordinated control for each in-

tersection in the trunk road, and

ing’ makes these decisions for traffic signal control. Through simulation platform,
in the condition of near saturati mitial queue, the method proposed in this paper is compared with the existing
green wave method, the arteris ated methods respectively based on deep Q network, double deep Q network, and
dueling deep Q network. erimental results show that the performance of DDDQN algorithm is better than the oth-
er four methods.
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