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Node index ranking—based routing
optimization algorithm combining DRL and OTN-OSU

WANG Qingfu',KANG Lifeng”,FENG Yingwei*, WANG Xingguo'
(1. Liaoning Academy of Governance, Shenyang 110161, China;2. Hebei University of Architecture , Zhangjiakou Hebei 075000, China)

Abstract: To address the limitations of traditional heuristic routing schemes in network performance, as well as the challenges
of insufficient scalability and high topology sensitivity faced by existing deep reinforcement learning (DRL ) methods in large-
scale software-defined satellite optical networks (SDSON) , this paper proposes a node index ranking-based routing optimiza-
tion (NIR20D) algorithm combining DRL with optical transport network-optical service unit (OTN-OSU) , The algorithm
screens destination nodes(DN)by defining a node index ranking (NIR)metric and introduces the deep deterministic policy gra-
dient(DDPG) framework into the routing decision process. By leveraging agents to learn the correlation between traffic load
and network performance, it dynamically adjusts link weights to approximate optimal solutions. Experimental results demon-
strate that, compared to the Scaledeep algorithm, NIR20D algorithm exhibits superior performance in mitigating link conges-
tion, reducing end-to-end latency by approximately 25.09% while increasing throughput by 22.54%.
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