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( Emotion Recognition Algorithm Based on Minimum Classification
Error incorporating Multi-modal System )
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Abstract

We propose an effective emotion recognition algorithm based on the minimum classification error (MCE) incorporating
multi-modal system The emotion recognition is performed based on a Gaussian mixture model (GMM) based on MCE
method employing on log-likelihood. In particular, the proposed technique is based on the fusion of feature vectors based
on voice signal and galvanic skin response (GSR) from the body senser. The experimental results indicate that
performance of the proposal approach based on MCE incorporating the multi~-modal system outperforms the conventional
approach.
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1. Gaussian Mixture Model (GMM)
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Table 1. Information of collected data.
Database (Voice & GSR)
Training Test
1 4 Male, 2 Female | 4 Male, 2 Female
Angry 20 min, | Angry 20 min,
Ak Joy 20 min, Joy 20 min,
Neutral 20 min | Neutral 20 min
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Table 2. Emotion recognition result base on voice.

S4etE O|88 AW oM ZHat (%)

Accuracy Angry Joy Neutral
Angry 90.45 271 6.84
Joy 942 79.04 1154
Neutral 19.96 1066 69.38
Average accuracy : 7962 %
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Table 3. Emotion recognition result using fusion feature
vector based on voice and GSR.

Accuracy Angry Joy Neutral
Angry 8371 1322 207
Joy 15.06 83.36 158
Neutral 2.65 1.23 96.12
Average accuracy : 87.73 %
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Fig. 3. Histogram of GSR according to emotion,
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Emotion recognition result according to the
proposed method.
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Table 4.
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