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Species identification of bat by echolocation call using Convolutional Neural Network
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Ultrasound call of bats, "echolocation call”, has a large variety depending on the species’ characteristics, activities and
surrounding environment. Therefore it is difficult to identify the species by using conventional classification model of
echolocation call records. In this study, we converted the sound data of echo location call to image data of sonogram and
applied convolutional neural network (CNN) algorithm. We prepared 11,084 bat call dataset including 6 species of bats and
noise class. The classifier developed in this study could identify the bats species by the accuracy of 95.7 %.
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Call type Prediction F-value
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