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Reinforcement Learning Based Energy Allocation Strategy for Multi-access Wireless
Communications with Energy Harvesting
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Abstract Due to the increasing popularization of the Internet of Things (IoT) .the requirements for the power that can be used
by the terminal equipment of the IoT are also constantly improving. Energy harvesting technology is a promising solution to over-
come equipment energy shortages by generating renewable energy. Considering the uncertainty of renewable energy in the un-
known environment, the terminal equipment of the IoT needs a reasonable and effective energy allocation strategy to ensure the
continuous and stable operation of the system. In this paper,a DQN-based deep reinforcement learning energy allocation strategy
is proposed, which uses DQN algorithm to directly interact with the unknown environment to approach the optimal energy alloca-
tion strategy without relying on the prior knowledge of the environment. Moreover,a pre-training algorithm is proposed to opti-
mize the initialization state and learning rate of the strategy based on the characteristics of reinforcement learning and time-inva-
riant system. The simulation results under different channel data conditions show that the energy allocation strategy proposed in
this paper has better performance than the existing strategy under different channel conditions, and has strong variable scene

learning ability.
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Fig. 1 Multi-access wireless communications with energy harvesting
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Table 1  System parameter settings
Parameter Value
Number of User 6
Number of Channel 4
Limitation of battery 30\70
Data rate [0.1.2,3]
EH energy [1,3,5,7]
The parameters of the reward function a=1,8=2
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Table 2 Neural network parameter settings
Parameter Value
Number of hidden layer 3
Number of hidden layer nodes 256
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Table 3 Test environment settings
Environment Distribution Channel probability Distribution EH probability Initial
name of channel of EH energy
Envl Gaussian(p=2,6=1) [0.139,0.357,0.360,0.144] — — 70
Env2 Gaussian(p=4,6=1) [0.003,0.041,0.280,0.676] — — 70
Env3 Gaussian(p=2,0=1) [0.139.0.357,0.360.0. 144 Poisson(A=0.85) [0.453.,0.357,0.143.0.047] 30
Env4 Gaussian(py=4,6=1) [0.003,0.041,0.280.,0.676] Poisson(A=0. 85) [0.453,0.357,0.143,0.047] 30
Env5 Gaussian(p=2,6=1) [0.139,0.357,0.360,0.144] Poisson(A=1.9) [0.146,0.291,0.282,0.281] 30
Env6 Gaussian(p=4,0=1) [0.003,0.041,0. 280.0.676] Poisson(A=1.9) [0.146,0.291,0. 282.0. 281] 30
Env7 uniform [0.250,0.250,0.250,0. 250 uniform [0.250,0.250,0.250,0. 250 30
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