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Emotion recognition of animal voices based on attention mechanism BiLSTM
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Abstract: Sound serves as a crucial mean for animals to express their emotions to the outside world. By establishing the mapping
relationship between animal’s emotions and features extracted from animal sound, it becomes possible for computers to perceive and
understand the emotional states of animals. In order to improve the performance of animal emotion recognition, a method for
recognizing emotions in animal sounds based on the Bi-directional Long Short-Term Memory ( BILSTM) network with Bahdanau
attention mechanism is presented in this paper. Feature extraction of the proposed method such as the spectral centroid, spectral
bandwidth, spectral rolloff point, zero — crossing rate, root mean square energy, spectral contrast, Mel — frequency cepstral
coefficients and their first-order differences, forming a feature vector from animal sound. The feature vector is treated as the input of
BiLSTM network. Through the attention mechanism, the proposed method learns channel —wise weights for emotional features.
Ultimately, a fully connected layer is utilized for the classification of emotional categories. Taking dogs as an example, experiments
are conducted to recognize emotions in dog sounds. The experimental results demonstrate that the proposed method outperforms the
methods based on Recurrent Neural Networks and BiLSTM networks with higher accuracy in emotion recognition.
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Fig. 1 Block diagram of BiLSTM animal emotion recognition algorithm based on attention mechanism
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Fig. 2 Emotional feature extraction of animal sound signals
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Fig. 3 Structure diagram of BiLSTM based on attention mechanism
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