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Abstract

This paper addresses the routing problem in dynamic low-orbit(LEO) satellite networks for on-board computer
(OBC). Deep reinforcement learning can be applied for routing in networks with dynamic connectivity between LEO
satellites. However, it is difficult to apply the inference process with deep reinforcement learning models to real-time
OBCs because it causes excessive execution time due to the calculation of multiple convolution layers. To solve the
problem, we propose a practical method based on heterogeneous processors which can reduce the execution time by
parallelizing the inference process, which is performed sequentially in a Central Processing Unit. The performance of
the proposed method was evaluated using an actual OBC based on heterogeneous processors, and the routing result
was the same as that of the existing method, but the overall execution time was significantly reduced.
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