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Abstract

In the event of a large—scale disaster such as an earthquake or tsunami, it is necessary to
quickly grasp the wide area information in order to secure safe evacuation / rescue routes and
consider recovery measures. In order to realize this task, research on coating classification
using satellite images acquired by remote sensing has been developed recently.

In these studies, various classification methods have been proposed using deep learning. Among
others, Convolutional Neural Networks (CNN) are actively conducted, showing higher performance
than other methods. However, with the conventional method using CNN, there is a problem that the
input size is fixed due to the structure of the entire coupling layer, and positional
information is lost due to repetition of pooling

Therefore, in this paper, we propose a segmentation method based on fully convolutional encoder-—
decoder model as a solution to the above problem. We aim to improve land cover classification
accuracy of the satellite image and to distinguish between damaged areas and areas that are not
affected by satellite imagery in the disaster area. By doing this, we can grasp information on a
wide area and think that it will lead to the support of disaster emergency measures to be taken
by the government and local governments.

We showed the effectiveness of the proposed model in multi-class segmentation task of satellite
image by comparing the classification accuracy of the conventional method with that of the
proposed method for the pre—disaster satellite image. Furthermore, we applied the proposed model
to the post—disaster satellite image, and two methods were used to evaluate the difference in
segmentation accuracy. From this result, it was found that segmentation accuracy improves by

using learned parameters of pre-disaster satellite image.
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