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Abstract
system is designed due to the problems of complex objects, big data, high demand for transmission and calculation and

Based on the theory of cloud control systems, an intelligent transportation cyber-physical cloud control
poor real-time control ability in the modern intelligent transportation cyber-physical network. It includes intelligent
transportation edge control technology and intelligent transportation network virtualization technology. Based on the big
data of intelligent traffic flow, two intelligent learning methods, deep learning and extreme learning machine, are used
to train and predict the traffic flow data on the servers of the cloud control management center. The short time traffic
flow and the congestion of roads are predicted accurately. Then the real-time traffic flow control strategy is obtained by
intelligent optimization scheduling algorithm in the cloud. The problem of traffic flow distribution in congested roads is
solved and the dynamic performance of intelligent transportation control systems can be improved. The simulation results

show the effectiveness of the proposed method.
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Fig.1  Schematic diagram of intelligent transportation

cloud control systems
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