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Implementation and Teaching Research on Few-shot Recognition of Broiler

Vocalizations Based on Mel Spectrogram and Convolutional Neural Networks

ZHAOYongcai' LIMan! GAOJingru! GUANManyu' LIGuangbo'*
1CollegeofElectronicandInformationEngineering, HuaibeilnstituteofTechnology, Huaibei235000,China

Abstract:Broiler vocalizations can intuitively reflect their physiological and behavioral states such as feeding, stress and
distress. Accurate recognition of broiler vocalizations is of great significance for animal welfare monitoring and
abnormal early warning in large-scale farming. However, labeled samples of broiler vocalizations are difficult to obtain.
Most existing studies focus on a single network model, lacking a systematic comparison of different backbone networks
and transfer learning strategies under few-shot conditions, resulting in insufficient basis for model selection.

To address this issue, this paper constructs a broiler vocalization dataset containing 54 original audio clips covering 5
categories: distress call, pleasure sound, short chirp, trill and other vocalizations. All audio samples are uniformly
converted into 128x128 Mel spectrograms as model input. Four typical convolutional neural networks are adopted, and
comparative experiments are carried out under two transfer learning strategies: feature extraction and fine-tuning.
Stratified 5-fold cross-validation is applied to evaluate the model performance.

The experimental results show that the AlexNet feature extraction scheme achieves the optimal recognition performance,
with an overall accuracy of 59.54% and a macro-F1 score of 49.10%, among which the F1 score of distress call reaches
0.94. The lightweight network MobileNet-V2 obtains significant performance improvement under the fine-tuning
strategy, while for networks with more complex structures, feature extraction training with frozen backbone is more
stable under few-shot conditions.

The research indicates that in few-shot broiler vocalization recognition tasks, the backbone network and transfer learning
strategy should be selected collaboratively according to model complexity. This conclusion can provide methodological

reference for the selection of automatic poultry sound recognition systems in farming scenarios.

Keywords:broiler vocalization recognition; Mel spectrogram; convolutional neural network; transfer learning; few-shot

learning
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