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Energy minimization in UAV -assisted wireless powered sensor networks

with Aol constraints: A DQN-based approach
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Abstract: With the development of 5G/B5G, UAV (Unmanned Aerial Vehicle) will be widely employed in real-time data
collection system. UAV can wirelessly charge ground sensors, and then sensors use the collected energy to upload the
perceived information to UAV, which can effectively solve the problem of power supply and data collection in outdoor
Internet of Things (IoT) systems. However, due to the limited power of UAV , how to minimize the energy consumption of
UAV is very important on the premise of ensuring the freshness of collected data in UAV -assisted wireless powered sensor
network. Therefore, this paper investigates the optimization problem of UAV's energy consumption minimization under the
Age of Information (Aol) constraint by jointly optimizing UAV's flight time, acceleration, rotation angle and scheduling of

information collection and energy harvesting. As the problem is a combinational optimization problem with a set of binary
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variables, it is difficult to be solved in large-scale network. Thus, it's first modeled as a Markov decision process, and a Deep

Q Network (DQN)-based UAV's energy-minimal algorithm framework is proposed to solve it, and the corresponding state

spaces, action spaces and reward function are designed. Simulation results demonstrate the convergence of the proposed DQN

scheme, and also show that the proposed DQN scheme can reduce the UAV's energy consumption by about 8% ~30%

compared with the traditional greedy scheme. When the sensors’ amount is more than eight, the traditional greedy scheme

becomes very difficult to solve the problem, while our presented DQN method can still find an optimal solution. Moreover,

with the decrease of Aol or the increment of the number of sensors, the energy consumption of UAV increases and the

trajectory of UAV becomes smoother with the rotation angle constraint.

Key words: UAV-assisted wireless network, Age of Information (Aol), energy harvesting, Deep Q Network (DQN)
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