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Application of improved Monte Carlo method to solution of nonlinear equations

WANG Qi-ming YUAN Yong-sheng REN Hao-lin
College of Sciences Hohai University ~Nanjing 210098  China

Abstract The concept of general gradient was introduced into the original Monte Carlo method and an improved Monte
Carlo method based on general negative gradient was proposed. The present method keeps the general suitability and
stability of the original method and overcomes the blindness and randomness of the original search method so it

improves the search efficiency and shortens the calculation time. A case study with the improved algorithm shows that the

convergence speed is greatly improved.
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