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Multisource Classification of Remotely Sensed Data
Based on Bayesian Data Fusion Method

Jia Yonghong Li Deren
( School of Information Engineering, W TU SM, 39 Luoyu Road, Wuhan, China, 430070)

Abstract In this paper, a new method for classification of multisource data is proposed.
The images formation model, contextual model and reliability factors are taken into account
in the method- The performance of the method is evaluated by fusing landsat TM images
and SARimage for land-use classification. Significant improvements in classification accura—
cy compared to the SAR image classifier are obtained. So it is an effective and robust method
for multisource classification of remotly sensed data.

Key words Bayesian fusion method; autoregressive random field; contextual information;

multisource classification of remotely sensed data
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The Compression of Remote Sensing Image
Based on Match Consistency

Zeng Yong Liao Mingsheng Zhang Jianging Shen Weiming
(National Laboratory for Information Engineering in Surveying, Mapping and Remote Sensing,

W TUSM > 39 Luoyu Road, Wuhan, China, 430070)

Abstract A compression method of keeping match consistency on remote sensing image is
represented. A lot of results of experiments are presented. The results describe the relation
between image compression and match. At the same time, conclusion is draw n that for aerial
remote sensing image at 25 m resolution, when the compression ratio is & 1, match consis—
tency is kept.

Key words image compression; wavelet transform; Mallat algorithm; quality criterion; im—

age match
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