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A Channel Allocation Method for Internet of Vehicles
Based on GRU and LSTM Hybrid Model
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(School of Automation, Guangdong University of Technology , Guangzhou 510006, China )

Abstract : For the problems of channel conflict between Vehicle to Vehicle (V2V) links and low network
utility caused by high communication requirements and high mobility in the Internet of Vehicles(IoV) ,a
new channel allocation algorithm for the IoV based on hybrid model of parallel Gated Recurrent Unit
(GRU) and Long Short-Term Memory( LSTM) is proposed. This algorithm aims to reduce the V2V links
channel collision rate and idle rate, models the channel allocation problem as a distributed deep
reinforcement learning problem ,makes each V2V link as a single agent, and performs centralized training
and distributed execution by maximizing the average reward per episode. In the training process,the hybrid
advantages of the short training period of GRU and the high fitting accuracy of LSTM are used to fit the Q
function in deep double Q-learning, so that the V2V links can quickly learn and optimize the channel
allocation strategy to reuse the Vehicle to Infrastructure ( V21) links channel resources reasonably and
maximize network utility. Simulation results show that compared with the allocation algorithm that simply
uses the GRU or LSTM network model, the proposed algorithm accelerates the convergence rate by 5
training episodes, reduces the channel collision rate and idle rate between V2V links by about 27% , and
increases the average success rate by about 10%.
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Fig. 1 Internet of Vehicles system model!"!
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