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Spectrogram Speech Emotion Recognition Method Based
on Auditory Attention Model
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Abstract: When there exists mismatch between the trained acoustic models and the test utterances due to noise conditions,
speaking styles and speaker traits, unmatched features may appear in cross-corpus. The resulting is the drastic degression
in the performance of speech emotion recognition. Hence, the auditory attention model is found to be very effective for vari-
ational emotion features detection in our work. The auditory model of selective attention simulating to the human ear hearing
characteristics, can effectively detect the changes of emotional features in spectrogram. Meanwhile, Chirplet has been
adopted to obtain the advantages of frequency characteristic matching signals and extract emotional information from the time
domain. Selective attention mechanism model can extract the salient gist features which show their relation to the expected
performance in cross-corpus testing. In our experimental results, the prototypical classifier with the proposed feature extrac-
tion approach can deliver a gain of up to about 9% accuracy in cross-corpus speech recognition, which is observed insensi-
tive to different databases.
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