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ABSTRACT

As the amount of the wireless mobile products like a ‘Smart phone’ used increases, the studies about the
Location Based Service (LBS) is highly increasing. Outdoor location determination can use the GPS which is
built—in in the wireless mobile products. However, it is not possible to use GPS inside the huge cruise bigger
than a normal building, it is regarded to consider Indoor location determination which is appropriate at the
inside environment. Wi—Fi (Wireless Fidelity) does not need an extra installation process because it is already
installed here and there inside the building. In this respect, Wi—Fi has low price competitiveness compared to
other wireless sensor products. In this paper, I will introduce ‘Bayesian Algorithm’ which can recognize useful
space with Wi—Fi signal.
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II. Bayesian Decision Algorithm
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IV. Bayesian Learning Algorithm
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