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Intelligent Modeling of User Behavior based on
FCM Quantization for Smart home
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Abstract : In the vision of ubiquitous computing environment, smart objects would communicate each other and provide many
kinds of information about user and their surroundings in the home. This information enables smart objects to recognize context
and to provide active and convenient services to the customers. However in most cases, context-aware services are available
only with expert systems. In this paper, we present generalized activity recognition application in the smart home based on a
naive Bayesian network(BN) and fuzzy clustering. We quantize continuous sensor data with fuzzy c-means clustering to
simplify and reduce BN's conditional probability table size. And we apply mutual information to learn the BN structure
efficiently. We show that this system can recognize user activities about 80% accuracy in the web based virtual smart home.

Keywords : activity recognition, context-awareness, Bayesian network, smart home, fuzzy clustering
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Fig. 1. Anexample of Bayesian network structure.
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Table 1. The performance of context-aware recognition.
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6l 0.7634 0.8384 71 0.7723 0.8295
62 0.7634 0.8260 72 0.7776 0.8313
63 0.7669 0.8293 73 0.7776 0.8447
64 0.7669 0.8302 74 0.7776 0.8420
65 0.7669 0.8376 75 0.7803 0.8536
66 0.7652 0.8322 76 0.7839 0.8367
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69 0.7643 0.8170 79 0.7892 0.8402
70 0.7643 0.8465 80 0.7892 0.8322
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