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Wavelet-based Statistical Noise Detection and Emotion
Classification Method for Improving Multimodal
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Abstract

Recently, a methodology for analyzing complex bio-signals using a deep learning model has emerged among studies
that recognize human emotions. At this time, the accuracy of emotion classification may be changed depending on the
evaluation method and reliability depending on the kind of data to be learned. In the case of biological signals, the
reliability of data is determined according to the noise ratio, so that the noise detection method is as important as that.
Also, according to the methodology for defining emotions, appropriate emotional evaluation methods will be needed. In
this paper, we propose a wavelet —based noise threshold setting algorithm for verifying the reliability of data for
multimodal bio-signal data labeled Valence and Arousal and a method for improving the emotion recognition rate by
weighting the evaluation data. After extracting the wavelet component of the signal using the wavelet transform, the
distortion and kurtosis of the component are obtained, the noise is detected at the threshold calculated by the hampel
identifier, and the training data is selected considering the noise ratio of the original signal. In addition, weighting is
applied to the overall evaluation of the emotion recognition rate using the euclidean distance from the median value of
the Valence-Arousal plane when classifying emotional data. To verify the proposed algorithm, we use ASCERTAIN data
set to observe the degree of emotion recognition rate improvement.
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