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Abstract

Chickens produce acoustically distinguishable vocalizations corresponding to various physiological
and psychological states, including pain, stress, and disease, and such vocal patterns have been
reported to precede observable physical symptoms. Although deep learning-based acoustic
classification for poultry health monitoring has received increasing research attention, most prior
studies have been confined to supervised classification over predefined classes, which limits their
practical applicability in commercial poultry environments where abnormal data are difficult to
obtain in advance. This study proposes an Al-based abnormal vocalization detection system
designed to classify and identify distress calls, respiratory illness sounds, and stress-induced
vocalizations in chickens. The proposed system employs a hybrid architecture combining a
CNN-based multi-class classification model with an Autoencoder trained exclusively on normal
acoustic data, with the objective of implementing a lightweight anomaly detection system
deployable in real farm settings where labeled abnormal samples are scarce.
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