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Context-data Generation Model using Probability functions and
Situation Propagation Network
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ABSTRACT

Probabilistic distribution functions based data generation method is very effective. Probabilistic distribution functions are defined under the
assumption that daily routine contexts are mainly depended on a time-based schedule. However, daily life contexts are frequently determined
by previous contexts because contexts have consistency andfor sequential flows. In order to refect previous contexts effect, a situation
propagation network is proposed in this paper. As proposed situation propagation network make parameters of related probabilistic distribution
functions update, generated contexts can be more realistic and natural. Through the simulation study, proposed context-data generation model
generated general outworker’s data about 11 daily contexts at home. Generated data are evaluated with respect to reduction of ambiguity and
confliction using newly defined indexes of ambiguity and confliction of sequential contexts. In conclusion, in case of combining situation
propagation network with probabilistic distribution functions, ambiguity and confliction of data can be reduced 6.45% and 4.60% respectively.
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