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Cross-Corpus Emotion Recognition Based on Deep Domain Adaptation and CNN

Decision Tree

SUN Linhui, ZHAO Min, WANG Shun

(College of Telecommunications &. Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing

210003, China)

Abstract: In cross—corpus speech emotion recognition, the mismatch between target domain and source
domain samples leads to poor performance of emotion recognition. In order to improve the cross-corpus
speech emotion recognition performance, this paper proposes a cross-corpus speech emotion recognition
method based on deep domain adaptation and convolutional neural network (CNN) decision tree model.
Firstly, a local feature transfer learning network based on joint constrained deep domain adaptation is
constructed. By minimizing the joint difference between the target and source domains in the feature space
and Hilbert space, the correlation between the two corpora is mined and the transferable invariant features
from the target domain to the source domain are learned. Then, in order to reduce the classification error of
confusable emotions among multiple emotions in the cross-corpus context, a CNN decision tree multi-level
classification model is constructed based on the emotional confusion degree, and multiple emotions are first
coarsely classified and then finely classified. The experiments are validated using three corpora, CASIA,
EMO-DB and RAVDESS. The results show that the average recognition rate of the proposed cross-corpus
speech emotion recognition method are 19.32%—31.08% higher than that of CNN baseline method, and
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the system performance is greatly improved.
Key words: cross-corpus speech emotion recognition; deep domain adaptation; transfer learning; decision

tree model; convolutional neural network
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Fig.1 Frame diagram of cross-corpus speech emotion recognition based on deep domain adaptation and CNN decision

tree model
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Table 3 Cross-corpus emotion recognition rates of different methods %
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