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Abstract: To lve localization problem s of autonomous robots, self-localization methods based on Bayesian filter
theory are investigated From the viav of probability distribution functions, different mplementations of Bayesian
filters are introduced Performances of each mplementation are analyzed and the advantages and disadvantages are
alo pointed out Finally, the basic characteristics of a good localization algorithm are summarized and potential
gpplications of Bayesian filter technology in the field of autonomous robots are forecasted The further research
directions are al= discussed
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do K Xk M arkov n
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k- 1 ,k Xk (4)
P k
(s |Xk) (5.6] X Bel' (xu) = P (z« !xk)BeI' (xx) (5)
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k ) (5
Bel' (xi) = (3) (5),
P (x« |21,a1, Z2,82, ,Zk 1,8k 1). Bel' (xd) = P (zx |xk)BeI' (x«)
Kk Zx, € X = P (z« |21, Jak 1)
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E 3 )
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H k - 1 3
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