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Convergence analysis of elitist clonal selection algorithm in
noisy environment
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Abstract: The global convergence of elitist clonal selection algorithm (ECSA) in additive noisy environment is studied
by using stochastic process. The Markov chain that models ECSA in noisy environment is constructed by a new state
representation method named ordered pair. The evolutionary sequence best fitness functions is described as a submartingale,
and the global convergence of the best fitness functions is derived based on martingale theory. The transition probability
characteristics of the clonal selection algorithm in additive noisy environment are analyzed; by this property we conclude
that ECSA is eventually globally convergent with probability 1 in additive noisy environment.
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Fig. 1 The flow chart of ECSA
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