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Object recognition on Earth-observing satellite imagery
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Earth-observation satellites are producing tremendous amount of digital imagery in recent years. For the efficient analysis,

automatic object recognition is an indispensable tool. We designed a convolutional neural network (CNN) , which can locate

any objects on the multiband images obtained by the most popular middle-resolution satellite Landsat-8. Our experiments

demonstrated that photovoltaic power stations can be accurately identified through the spatial and spectral features with

relatively small sets of training data.
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