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Abstract :Making full use of spatial relationships between pixels is considered as one of the key factors in improving
the accuracy of interpretation for high resolution remote sensing images. A kind of neighbor patterns, referred to as
the spatially correlated pixels template, is presented to incorporate the spatial context. And in conjunction with
Adaboost ensemble learning algorithm, accurate river extraction from high resolution remote sensing images can be
obtained. Firstly, a specific form of spatially correlated pixels template is generated by using the filter feature
selection approach. Secondly. the multi-dimensional feature vectors are constructed according to the given
template. Then, Adaboost algorithm is used to make full use of available features. Finally, the accurate river
extraction is achieved by ensemble learning. Experiments results show the river extraction results by the proposed
methodology are object oriented and the geo-objects having similar spectral characteristics with river can be
distinguished from river.
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Fig. 1 Spatially correlated pixels templates and con-

struction of feature vector
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