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Fig.1 Flow chart of the image semantic segmentation algorithm
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Tab.1 Training and testing time of each model
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Tab.2 Comparison with the semantic segmentation results of DFN — CRF using different levels of fusion structure
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Tab.3 Training and testing time of each model
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Tab.4 Quantitative evaluation of semantic segmentation
results of DFN —1 and DFN - CRF -1
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Tab.5 Comparison between our

method and other methods
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Fig.4 -1 Experimental results of UC Merced Land — Use dataset
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Fig.4 -2 Experimental results of UC Merced Land — Use dataset
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Remote sensing image semantic segmentation using deep fusion
convolutional networks and conditional random field

LI Yu', XIAO Chunjiao' , ZHANG Hongqun', LI Xiangjuan®, CHEN Jun'
(1. Institute of Remote Sensing and Digital Earth, Chinese Academy of Sciences, Beijing 100094, China;
2. School of Compuier Science, Xi’ an Shiyou University, Xi’ an 710065, China)

Abstract: A method for remote sensing image semantic segmentation based on deep fusion convolutional networks

and conditional random field is proposed. First, the fully convolutional networks framework with deconvolutional
fusion structure is utilized to integrate the pooling — layer results at different levels. The low —level features with
rich detail information are combined with the high —level features via deconvolutional fusion module . At the same
time, the parameter inference process of conditional random field is embedded in the network architecture by adding

recurrent neural networks iteration layers. In addition, the deep fusion convolutional networks and conditional
random field model is established. Then, in the model training stage , the abundant detail information and context
information in the image are introduced simultaneously to the positive and negative propagation . And lastly, the
remote sensing image semantic segmentation is accomplished by the end - to — end framework. Semantic
segmentation experiments were performed on the high — resolution optical remote sensing images , and the results
show that, with the increase of the depth of deconvolution fusion layer in the model , semantic segmentation results
are more refined, and the contour of terrestrial object is more accurate . The introduction of context information also
improves the accuracy of image semantic segmentation to a certain extent . It is concluded that the proposed method
can better maintain the consistency of internal areas of semantic object and effectively improve the accuracy of
semantic segmentation .

Keywords: remote sensing image ; semantic segmentation ; fully convolutional networks ; conditional random field
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