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Abstract: This paper proposes an Energy Harvesting (EH)-assisted mining IoT intelligent computation
offloading method for the mine IoT device with limited computing, energy, and memory resources and smart
mining scenario with a large number of latency-sensitive computation tasks. Mobile Edge Computing (MEC)
technology is used to assist task computing of mine IoT devices, and EH technology is investigated to power
energy-constrained mine IoT devices. The intelligent computation offloading mechanism based on Q-learning
can dynamically explore and optimize computation offloading policy under the condition of an unknown precise
mine system model. In addition, a computation offloading mechanism based on Deep Deterministic Policy
Gradient (DDPGQG) is proposed. The curse of dimensionality in complex mining scenarios is resolved, the
discretization error caused by policy discretization is reduced, and the computation offloading performance is
further improved. Theoretical analysis and simulation results verify that the proposed mechanism can reduce

energy consumption, computing delays, and task failure rate. This helps ensure safety and improve the

Wk E Y 2022-07-21; KT H YT 2023-03-31; 45 HHIR: 2023-04-04

HEAEEAE: 2R lishiyin@cumt.edu.cn

FEETH: BREHREEESE (62101557, 61971366), P HEE L/ER#HE (2022M713378), R @k ZE AR 55 9 4 101 % 4
(2042022kf0021)

Foundation Items: The National Natural Science Foundation of China(62101557, 61971366), China Postdoctoral Science Foundation
(2022M713378), Fundamental Research Fundations for the Central Universities (2042022kf0021)


http://radars.ie.ac.cn/CN/10.11999/JEIT220973

3548 M7 5 F

SO 4 ERLE

production efficiency of IoT in mining.
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