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Abstract: To protect migratory birds, whose populations are significantly declining, it is necessary to
conserve their habitats, including the ones along their migration routes. Because many species fly with
nocturnal flight calls (NFC) and they can indicate their migration routes, we initiated a project of NFC
recording survey in Japan. The challenge is to identify NFCs from a long recording. Our approach to
addressing this challenge involves two steps: firstly, the detection of NFCs, and secondly, the precise
identification of species. This study is concerned with the first step of detecting NFCs in field recordings.
We investigated whether embeddings computed by neural models pre-trained on bird vocalization data
are suitable for the purpose of detecting NFC candidates from field recordings. We compared two
publicly available pre-trained models: Google Perch and BirdNET, both of which were trained on large
scale bird vocalization datasets. Embeddings from pre-trained models were used as input features to a
classifier, where we compared two classification methods: logistic regression and support vector
machines. We prepared a dataset that consists of 335 call and 249 noise labels, which was used to train
and evaluate classifiers. Among different configurations that were studied, the best performing one was
the combination of BirdNET and SVM, which achieved PR-AUC of 0.925. Furthermore, it was found
that the utilizing transfer learning model enables effective utilization of automatic detection even with
small-size training data, resulting in expedited development of tools.
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Padding method
Embedding Classification
model method Offset 0 sec Offset 1 sec Offset 2 sec Offset 3 sec Offset 4 sec Repeat
Perch Logistic Regression | 0.747 0.795 0.790 0.785 0.772 0.782
Perch SVM 0.726 0.754 0.751 0.753 0.745 0.769
BirdNet Logistic Regression | 0.862 0.819 0.897 - - 0.895
BirdNet SVM 0.895 0.893 0.895 - - 0.925
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