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Self-learning load balancing algorithm for
SDON controller based on Bayesian network

JIANG Wenli, LIANG Siyuan, ZHAO Fangli, ZHAO Feng

(College of Communication and Information Engineering, Xi’an University of Post and Telecommunications, Xi’an 710121, China)

Abstract: With the increase of software defined optical network (SDON) scale, multiple controllers are needed to provide
services for the whole network. The load balancing problem of controllers affects the service capability and network survivability
of the whole network. A self-learning load balancing algorithm for SDON controller based on Bayesian network is proposed.
Firstly, considering the controller parameters such as controller load, controller throughput and optical switch migration delay,
Bayesian network is used to predict the degree of load congestion; secondly, the optimal action decision is made by combining
reinforcement learning algorithm, and the feedback mechanism is used to realize the self-adjustment of parameter weights so as to
adjust the control. Load balancing can be achieved by the degree of load congestion. The simulation results show that compared
with Q-learning algorithm, the proposed algorithm achieves better load balancing function of the controller and improves load
balancing efficiency more quickly.
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9. POLICY UPDATE:
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11.  Observe Virtual Network Performance and Determine

reward for previous action r(s,a)

12. Predicting the Load Congestion Degree of the Controller
by Bayesian Network (BN)

13. Change the load congestion degree of controller by

adjusting parameter weights.

14. Update the Q-Table.

15. ACTION SELECTION:
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