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Deep learning allows us to detect feature objects (houses, roads, vehicles, etc.) in satellite image, but
there is space to improve accuracy and the sample images preparation. We advanced research mainly
for vehicles from the ease of preparation and verification of sample data. As one of the
accomplishments is a method called Hard Example Mining (HEM). In the training of the deep learning
method, it is a method to learn an image (image with a large loss value) that is easily erroneously

detected in a vehicle (minivan) in the target area. By this method, accuracy could be improved.
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Training method
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