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Vector Building Change Detection Method Considering Geographical Scale
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Abstract: In order to solve the problem that the specific requirements of fusion and update of current data and existing vector geographical entity

databases make it difficult to detect changes, we proposed a change detection sample construction method considering geographical scale. Firstly,

we established the corresponding relationship between data entities with the same name by data matching. Then, we used the fixed-scale

geographical unit and mathematical morphology method to focus change samples on the local change. Finally, we determined the appropriate

scale of sample geographical unit by experiments, and compared the detection effects of AlexNet, GoogleNet and traditional C4.5 decision tree

model. The results show that the deep learning method based on images is better than the C4.5 model based on vector artificial features. The

change detection model based on the fixed-scale unit sample library is obviously better than the construction method based on the circumscribed

rectangular sample.
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