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Abstract: The construction of characteristic villages and towns is an important part of development strategy of “Rural Revitalization”. Taking
He Village, a characteristic village and town in Huzhou City, Zhejiang Province, as the research object, based on multi-source remote sensing
images, we used multiple feature variables such as spectrum, texture, geometry and index to design six different feature combination methods for
comparing and analyzing multi-source data fusion methods. And then, we selected object-oriented random forest classification method to classify
the characteristic villages and towns. The results show that the six multi-source data fusion methods all have high classification accuracy. The
classification accuracy of multi-source data fusion is generally better than that of single data. The combination of spatial spectral information of
high-resolution data and exponential synthetic image of multi-spectral data can maximize the advantages of multi-source data.
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