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Behavior Recognition Method
of Robust User Based on Improved HMM

HE Min",PENG Langian, LIU Hongli, HU Jiusong

(College of Electrical and Information Engineering, Hunan University, Changsha 410082, China)

Abstract; An improved Hidden Markov Models (HMM) was proposed to recognize the users behavior.

In order to improve the learning efficiency of Baum-Welch algorithm in HMM, and to solve the problem of

initial sensitivity, the improved GA s used to optimize the initial parameters of HMM, in which the Chaos

operator is utilized to avoid the problem of stagnation and premature convergence of the traditional GA in

the convergence process. Finally, the experiment results based on ADLs data in UCI show the algorithm’s

availability and reliability for user’'s behavior recognition.

Key words: Hidden Markov Models; Genetic algorithm; Baum-Welch algorithm; user’s behavior rec-

ognition
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