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[ Abstract] The existing Convolution Neural Networks( CNNs) method cannot semantically identify each pixel,and it is
difficult to decompose the different types of images from the pixel level. Therefore,an end-to-end full-convolution depth
network is proposed to achieve high-resolution aerial image pixel level semantic segmentation and recognition. Full
convolution neural network is used to process the image intensity information and Geographical Information System
(GIS) information with independent channel ,two channel results are merged at the final layer of full convolution neural
network ,and each pixel is labeled at fully connected pixel level. The Conditional Random Field (CRF) is used as the
post-processing method to smooth the similar region, while preserving the edge information in the image. Experimental
results show that the proposed algorithm has higher accuracy and better recognition rate than the traditional visual
semantic classification algorithm.
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