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Abstract The concept and method of multiobjective optimization combined with L-BFGS and NSGA-1I algorithm were
applied to the optimization of inverse planning in intensity modulated radiation treatment in this paper. At first, a simple
mathematical model and a precise mathematical model were developed based on the prescribe dose of planning target and
organs at risk. Then, L-BFGS algorithm isused to solve the simple model and its results were set as the initial solutions of
NSGA- I algorithm for the optimization of the precise model. The last non-dominated solutions allow the decision-maker to
select the solution which best fits the clinical goals according to the corresponding dose-volume histograms (DVH). The
results show that the non-dominated sets obtained by the proposed method are distributed uniformly and this algorithm has
better robustness than those of the weighted method. Compared with the conventional weighted methods, the proposed
method provides Pareto optimal set for decision-maker to select the best solution, it is more flexible and reliable.
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