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Home behavior recognition method for
the elderly based on Random Forest and behavioral similarity
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[ Abstract] In home-based care service, how to precisely obtain behaviors of the elderly is a key issue to provide high-quality
home services for them. Thus, this paper studies the types of activities in home—based care service and the relationship between
activities and behaviors. Afterwards, the paper proposes a model of behavior recognition for the elderly at home and decides to use
context—aware techniques to obtain the behavior of the elderly. Then, a two-layer behavior recognition algorithm based on Random
Forest and behavioral similarity is proposed. Finally, the paper conducts a series of experiments to show the correctness and
performance of the algorithm. The proposed algorithm for elderly people in this paper can accurately identify the behavior, and the

accuracy rate is over 95.59% , which is better than other methods.
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Tab. 1 Classic behaviors of elderly people in home
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Fig. 1 Classifier based on Random Forest
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