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Counting People via High Resolution Images using Deep Learning
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We propose the method which is counting people in high resolution and wide areas images via deep neural
network. There are many areas where there are no people in the wide area image. We improve the imbalance of
this dataset using sampling algorithm. Our experiments demonstrate the out method effectiveness.We think that
this method contribute to tourist spot. Because we can measure crowdedness in tourist spot and analyze the ability

to attract customers.
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