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ABSTRACT

A fast bi-objective non-dominated sorting algorithm ( BNSA) is proposed. An operator of forward
comparison is designed to identify non-dominated individuals quickly. A sorting strategy according to
need is proposed to avoid generating unnecessary non-dominated fronts. Then the correctness of BNSA is
proved and its time complexity is analyzed to be O( NlogN). Next some comparable experiments are
carried out on nine benchmark test problems for bi-objective optimization. Results of the experiments
indicate that the proposed BNSA for the most test problems is faster than the other three non-dominated
sorting algorithms. Furthermore the BNSA on all the test problems has the best of accelerative effect
particularly when the number of evolutionary generations exceeds 400. In addition the BNSA is concise

and easy to be implemented. It can be incorporated into any multi-objective evolutionary algorithms based
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on non-dominated sorting to improve the running speed of bi-objective optimization.
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Table 2 Nine bi-objective benchmark test problems used in reference 3
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