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Abstract

Emotion has a direct influence such as decision-making, perception, etc. and plays an important role in human life.
For the convenient and accurate recognition of high-arousal negative emotion, the purpose of this paper is to design
an algorithm for analysis using the bio-signal. In this study, after two emotional induction using the ‘normal’ / ‘fear’
emotion types of videos, we measured the Galvanic Skin Response (GSR) signal which is the simple of bio-signals.
Then, by decomposing Tonic component and Phasic component in the measured GSR and decomposing Skin
Conductance Very Slow Response (SCVSR) and Skin Conductance Slow Response (SCSR) in the Phasic
component associated with emotional stimulation, extracting the major features of the components for an accurate
analysis, we used a discrete wavelet transform with excellent time-frequency localization characteristics, not the
method used previously. The extracted features are maximum value of Phasic component, amplitude of Phasic
component, zero crossing rate of SCVSR and zero crossing rate of SCSR for distinguishing high-arousal negative
emotion. As results, the case of high-arousal negative emotion exhibited higher value than the case of low-arousal
normal emotion in all 4 of the features, and the more significant difference between the two emotion was found
statistically than the previous analysis method. Accordingly, the results of this study indicate that the GSR may be
a useful indicator for a high-arousal negative emotion measurement and contribute to the development of the

emotional real-time rating system using the GSR.

Key words: Emotion, Bio-signal, Galvanic Skin Response, Phasic Component, Discrete Wavelet Transform
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F, w4, Y= eI THBinziger et al., 2009).
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g FEo® Heolet= Zloli, v s Fig 14 71Rke] 714312 W2 AlA 5& o3t st
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Table 1. GSR frequency bandwidth of the wavelet decom-
position levels

Frequency Decompos Frequency Decompos
bandwidth ition bandwidth ition
(Hz) level (Hz) level
0~8 Al 8~16 D1
0~4 A2 4~8 D2
0~2 A3 2~4 D3
0~1 A4 1~2 D4
0~0.5 A5 0.5~1 D5
0~0.25 A6 0.25~0.5 D6
0~0.125 A7 0.125~0.25 D7
0~0.0625 A8 0.0625~0.125 D8
0~0.03125 A9 0.03125~0.0625 D9
0.015625~
0~0.015625 Al0 0.03125 D10
- . . . (a)l GSR TSignaIl . . .
U'dww\rﬁ\"
0.2 - - - - - - - - -
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Samples
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02 . : . . : . . . :
1] 1000 2000 3000 4000 5000 8000 TOOO 2000 S000
Samples

Fig. 8. Discrete Wavelet Transform of GSR, (a) GSR signal
(b) Tonic component (c) Phasic component
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Fig. 10. Processing procedures of SCVSR / SCSR
signal for zero-crossing rate extraction
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T T T T
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Fig. 11. Zero-crossing rate extraction from SCVSR signal
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Table 2. Subjectively evaluated Self-Assessment Manikin
results and emotional states according to the evaluation

Induced Scale Score Mean Emotional
Emotion 112131456l 7809 states

Valence| 0| 0| 0| 0| 8| 2| 0| 0| 0] 52 Normal
Arousal| 8| 2[ 0] 0[O0l 0| 0| 0| 0| 1.2 |Very Calm

Normal

General

Valence| 0| 4| 5[ 1| 0[{ 0| 00| 0|27 |..
Displeasure

Fear
Very

Arousal| 0| 0 Nervous

(=}
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—_
(=}
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A B N
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-%]oﬂxi A Russell(2003)9] 744 93 Rdo w
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o] 7], X157 #HF GSR Phasic A5 F23 4
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. . . . . . . . .
0 1000 2000 3000 4000 5000 6000 7000 8000 9000
Samples

Fig. 12. Raw GSR Signal for Normal and Fear emotion
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Table 3. Descriptive statistics of the major 4 features

Feature Emotion N Mean SEM
Maximum value | Normal 80 0.389 0.019
of Phasic Fear 80 0.500 0.018
Amplitude of Normal 80 0.772 0.035
Phasic Fear 80 0.913 0.022
Zero crossing | Normal 10 9.400 1.586
rate of SCVSR | Fear 10 15.200 1.489
Zero crossing Normal 10 10.100 1.538
rate of SCSR Fear 10 23.100 | 2.157

Q A}+= Table 33 7237,
317] $18ll Shapiro-Wilk normality testE ©]-&F A4
A7 A3} Phasic 432 Az WFe A= 72
FF 95%1A FEE 0.05 PO Z FAFIHEE V)
zbste] AAdS WEA &e ASE 7PFEth

SCVSR#} SCSRE] & w2189 EHSHA = o &¥E 0.05
& 23 AF7HEES 7143 ¢ gle AOE Hol At

Ae mEE o M w}ﬂ"ﬂ s m=

%+ W(Phasic®] HUZE, 213)ol it FolAd 4
2= 7174 9] Wilcoxon signed rank test, 4714
%ﬂscvsm% SCSRE] Jwa}-&)el thatk &
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4 A< Paired t-testS 2 A5
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Fig. 13. Maximum values in Phasic component for Normal and
Fear emotion. Statistically significant value compared with
emotion group by Wilcoxon signed rank test (***p<0.001)
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Fig. 14. Amplitude in Phasic component for Normal and Fear
emotion. Statistically significant value compared with emotion
group by Wilcoxon signed rank test (***p <0.001)
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Fig. 15. Zero-crossing rate in SCVSR signal for Normal and Fear
emotion. Statistically significant value compared with emotion
group by Paired t-test (* p <0.05)
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group by Paired t-test (*** p<0.001)
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Table 4. Descriptive statistics of the 3 features in previous
studies

Feature Emotion N Mean SEM p
Mean of Normal 10 0.431 0.167 0.07
GSR Fear 10 1.071 0.466
Standard Normal 10 0.151 0.038
deviation 0.045*
of GSR Fear 10 0.240 0.035
Amplitude | Normal 10 1.360 0.381 0.020*
of GSR Fear 10 2.034 0.418
* p<0.05
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