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Emotional Speech Detection from Multimodal Data for Discussion Analysis
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Much research about the discussion is being done in terms of logic, however, hardly give the consideration to
emotion. To detection emotional parts and analyze how those influence the logical structure is essential in the
cooperative discussion. We define heat-up and complication as emotion in the discussion and annotate those in a
real-life discussion data. To discriminate emotion, pitch features are extracted from the data. The pitch statistics
is more emotionally features than the pitch shapes. Therefore we calculate pitch statistics and select the best
features to distinguish emotional versus neutral speech. Finally, we compare conventional classification schemes
with advanced scheme using neutral model. Now we challenge more difficult task than previous work on using a
real-life discussion data. The results show that the recognition accuracy is over 56% in conventional classification

schemes (baseline 50%).
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