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Extraction of road areas from aerial photographs using full layer convolution
neural network with recursive structure

Naoya Sugita' Ojima  Shuichi"® Uemura Takumi""

Abstract: In recent years, with the spread of the Intemet and smart phones, services accompanying digital maps
have become widespread, and the utilization of digital maps is progressing more and more. However, the creation
of digital maps is still many people's hands, and problems such as the time required for updating such as slow
updating speed are raised. Therefore, the authors examine the automatic recognition of the road area from the aerial
photograph. As a method, by using the recursive structure and the global convolution network for the all - layer
convolution neural network, it is possible to recognize the road area with higher accuracy than the conventional
method.
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