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Abstract This paper presents a novel approach to classifying cicada species by using deep learning
techniques that utilize acoustic data of 12 cicada species found in Korea, including Meimuna opalifera.
Standardized data preprocessing and the application of spectrograms, which visually represent frequency
changes over time, were used to simultaneously visualize both frequency and temporal changes, allowing
for species identification from data characteristics. Deep learning models such as ResNet34, ResNet50,
and AlexNet were applied. Dropout techniques were employed to prevent overfitting, and various
learning rates were applied to optimize the training and validation processes of the models. The
approach successfully identified cicada species with an accuracy of over 98%. This study enhances the
accuracy of species identification and conservation of biodiversity by using the artificial intelligence
technology of a convolutional neural network. It suggests that deep learning systems based on acoustic
data can significantly contribute to ecological research and environmental monitoring. Furthermore, this
study has the potential for use as an essential tool in ecosystem conservation and management,
combining Al and taxonomy to propose new methods for future biodiversity research and environmental

protection.
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Fig. 1. M/L analysis results using voice data
(a) Recall, Accuracy, Precision, F1-Score
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Table 1. Status of collected cicada vocalization data
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Table 3. Set parameters and analyze
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