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The Pattern Recognition Methods for Emotion Recognition
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284
(=) _ = o =
SMHMAMTE o|2ct ZIAMolA
utb & 3,
Abstract :

A3 o
(Chang-Hyun Park and Kwee-Bo Sim)

In this paper, we apply several pattern recognition algorithms to emotion recognition system with speech signal and

compare the results. Firstly, we need emotional speech databases. Also, speech features for emotion recognition is determined
on the database analysis step. Secondly, recognition algorithms are applied to these speech features. The algorithms we try are
artificial neural network, Bayesian learning, Principal Component Analysis, LBG algorithm. Thereafter, the performance gap of
these methods is presented on the experiment result section. Truly, emotion recognition technique is not mature. That is, the
emotion feature selection, relevant classification method selection, all these problems are disputable. So, we wish this paper to

be a reference for the disputes.
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3. Pr|n0|pa| Component Analysis(PCA)
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Table 1. Parameter setting of neural network.

Parameter Values
Input Units 3~5
Hidden Units 11
Output Units 2
Leaming Rate 0.003
Tolerance 0.25
. . . 1
Sigmoid Function l1e &
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Training Process Using The PCA

1. Tralning Data Vector Set (S)
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Fig. 4.PCA algorithm.

| The LBG algorithm
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V. Experimental Result
1. Recognition with Artificial Neural Network(ANN)
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2. Recognition with Bayesian Learning
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Fig. 6. Error graph.
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Table2. Training result.
‘ Emotion
(0)0.001813 (0)0.017775
(1)0.981922 (1)0.999878

Expression Pattern
(0)0.063257 (1)0.917163
(0)0.069832 (1)0.955858
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Fig. 7. ANN test result.
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3. Recognition with PCA
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Table 3. Recognition rate of BL.

Normal | Happy | Angry | Depress | Average

S1 57% 40% 80% 70% 62%
S2 90% 73% 80% 94% 84%
S3 70% 51% 89% 91% 75%

S4 67% 56% 91% 85% 75%

Average | 71% 55% 85% 85% 74%
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Table4. Error rate of PCA test.

Normal | Angry | Depress | Happy | Average
Ist trial | 68% 22% 18% 44% 38%
2nd trial | 73% 18% 15% 50% 39%
3rd trial | 70% 21% 20% 40% 37.75%
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Fig. 8. Recognition result graph of PCA.
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Table 5. Error rate of LBG test.

Normal | Angry | Depress | Happy |Average

Pﬁif‘;j:ﬂ 714% | 22% | 20% | 40% |3835%
ij)”;‘i’t'é iyf‘::js 57% | 1% | 20% | 60% | 52%
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Fig. 9.LBG test result graph.

4. Recognition with LBG
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6. Conclusion
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