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Figure 1 UAYV network system model supporting MEC
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Figure 4 Average offloading cost
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Figure 5 Energy consumption
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Figure 6 Task execution delay
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Task Offloading Strategy of UAV Edge Computing Based on Deep Reinforcement Learning

WANG Feng', MA Xingyu’, MENG Pengshuai’, ZHAO Wei’, ZHAI Weiguang’

(1. College of Electrical and Power Engineering, Taiyuan University of Technology, Taiyuan 030024, China; 2. College of Electronic
Information and Optical Engineering, Taiyuan University of Technology, Taiyuan 030600, China)

Abstract: Aiming at the problems such as lack of infrastructure, high task delay and high bandwidth demand in
complex geographical conditions, a multi-stage mobile edge computing system model which combined computing off-
loading and power distribution was proposed. In the proposed model, a server equipped with MEC was deployed
near the UAV to provide computing services, and the problems such as task offloading, power consumption and
computing resource allocation of the UAV were comprehensively analyzed and the measurement methods were giv-
en. At the same time, the types of tasks that the UAV could perform and the requirements of the CPU and GPU on
the UAV were considered. The problem was expressed as a mixed integer nonlinear problem. A task computing off-
loading algorithm based on deep reinforcement learning was proposed to solve this problem. Based on the improved
double deep @ learning algorithm, the algorithm used deep neural network to find the mapping between UAVs in
deep reinforcement learning, finding potential patterns from the state space and estimating the optimal action, and
used model-free DRL method to enable each UAV to make quick offloading decisions based on local observations.
Simulation results showed that the proposed algorithm reduced the average offloading cost by 42. 8% compared with
LCGP algorithm. Compared with DDPG algorithm, the energy consumption was reduced by 16%. Compared with
DDOQN algorithm, the task execution delay was reduced by 12.9%.

Keywords: UAV; edge computing; task offloading; deep reinforcement learning; resource allocation



