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Fig 1 The flow chart of Bayesian network classification algorithm
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Table 1 Description of training and testing samp les
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Fig 6 The classification result of Bayesian Network
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Abstract  The traditional post classification comparison change detection of remote sensing is greatly restricted by the
classification accuracy which is influenced by the uncertainty of many factors such as the amospheric condition, the
correlation between the bands of remote sensing data ete The prior know ledge is often introduced into the classification in
order to mprove the accuracy The Bayesian Networks model is a new model for data expression and leaming It has no
strict precondition of nomal distribution of the input data and can increase the classification accuracy efficiently though
adjusting the prior probability density dynam ically The Bayesian Networtks classification algoritm was developed in this
paper taking the LandsatTM data in Beijing acquired on M ay 29", 1996 and M ay 19", 2001 as an example in detail and
then the change detection using the temporal remote sensing data was realized The expermental result indicates that the
post classification comparison based on Bayesian Network classification algorithm is a newly effective approach for remote
sensing mageries change detection

Key words Bayesian networks change detection; post classification com parison



