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ABSTRACT

Objective: The aim of this study is to compare results of emotion recognition by several algorithms which classify three
different emotional states(happiness, neutral, and surprise) using physiological features. Background: Recent emotion
recognition studies have tried to detect human emotion by using physiological signals. It is important for emotion recognition
to apply on human-computer interaction system for emotion detection. Method: 217 students participated in this experiment.
While three kinds of emotional stimuli were presented to participants, ANS responses(EDA, SKT, ECG, RESP, and PPG)
as physiological signals were measured in twice first one for 60 seconds as the baseline and 60 to 90 seconds during emotional
states. The obtained signals from the session of the baseline and of the emotional states were equally analyzed for 30 seconds.
Participants rated their own feelings to emotional stimuli on emotional assessment scale after presentation of emotional
stimuli. The emotion classification was analyzed by Linear Discriminant Analysis(LDA, SPSS 15.0), Support Vector Machine
(SVM), and Multilayer perceptron(MLP) using difference value which subtracts baseline from emotional state. Results:
The emotional stimuli had 96% validity and 5.8 point efficiency on average. There were significant differences of ANS
responses among three emotions by statistical analysis. The result of LDA showed that an accuracy of classification in three
different emotions was 83.4%. And an accuracy of three emotions classification by SVM was 75.5% and 55.6% by MLP.
Conclusion: This study confirmed that the three emotions can be better classified by LDA using various physiological features
than SVM and MLP. Further study may need to get this result to get more stability and reliability, as comparing with the
accuracy of emotions classification by using other algorithms. Application: This could help get better chances to recognize
various human emotions by using physiological signals as well as be applied on human-computer interaction system for
recognizing human emotions.
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Figure 1. The example of emotional stimuli

2.4 Experimental equipment
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Figure 2. The example of parameters of ANS response
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3. Results

3.1 The results of psychological responses induced by
emotions

AA7F manpE o w A FAEIEAE AT 9
sto] ZF 2] AFA 9 S 4 o}“E} 1 A3 2z
A=2] AL 718 95.5%, =F 96%, =3 96%°]tk

'YL 78] 5.4+ 1.8H0|y, =H2 6.210.180]3
. T8 ASelrs obrd AAE =71A RS] wiiel
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3.2 The results of ANS responses induced by emotions

A Rl A e tH5 (Paired samples t-
test) & AAIsto] P AdEiel WA A 3 A-EAEA W
9] ztolE grlativk. 1 A, 718 Z7elx]= SD_RRI
9} Resp_AE #2J3+ 11749] featureolld g Aejel 3
Ak A 7F frelet &Fel 7t 9lolal(Table 1), w9 27
olM+= LF, HF 2} HRVE A|Q3F 107]9] featureol A 2
St 2}o]7} YElTH(Table 2). T84+ HR, SD_RR],
Resp_A, Resp_Rsd®} Resp_AsdE A2t 87 feature®l
A ek Afol& E1E 4= AUTk(Table 3).

AA 5 daEEel AEAEA v ARE A 4s)]
kA, A Al B el 18] AolgkE ol&ske] A
A 2 AEAEA W2 alelg ERlEginh d AWM
(one—way ANOVA)S AAIEF1aL, HAZE 2felE 414

o

2 #Is}7] $18ke] Bonferroni AF- ASE T3S
71 A RE featuresolA AT &
S 2 YeltH(Table 4).

Table 1. The result of comparison of ANS response between
baseline and happiness condition

EBkoIH,

N=217)
Baseline Happiness t
HR 81.3%10.7 82.9%11.6 32"
SD_RRI 35.7+15.4 37.5+137 1.5
LF 0.4%0.2 0.4%0.1 3.07
HF 0.6+0.2 0.6+0.1 3.0"
HRV 0.940.7 0.740.5 35"
BVP 0.240.1 0.120.1 11.3™
Resp_R 3.9%12 33106 8.5
Resp_A 44439 45+38 1.0
Resp_Rsd 0.5+0.4 0.6+0.4 34"
Resp_Asd 0.6%0.7 1.0£0.9 6.7
SCL 0.240.2 0.3%0.2 64"
SCR 0.1£0.3 0.910.8 133"
Mean SKT 31.9+2.6 31.8%2.5 8.1
M+ SD “p<.05, “p<.01,"p<.001

Table 2. The result of comparison of ANS response between
baseline and surprise condition

(N=217)
Baseline Surprise t
HR 81.1£10.8 86.314.0 73™
SD_RRI 325129 55.0+22.1 1417
LF 0.4£0.1 0.4£0.1 0.1
HF 0.620.1 0.60.1 0.1
HRV 0.940.6 0.840.5 0.6
BVP 0.240.1 0.120.1 14.6™
Resp_R 3.610.8 34408 33"
Resp_A 44338 54439 57"
Resp_Rsd 0.5+0.4 0.8+0.6 72"
Resp_Asd 0.6%0.7 1.4%1.1 10.8™
SCL 0.2+0.2 0.8+0.4 27
SCR 0.1£0.3 3.742.1 23.0™
Mean SKT 323424 324423 2.1°
M+ SD “p<.05, “p<.01, " p<.001
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Table 3. The result of comparison of ANS response between 0] 75.5%°13, 71 64.7%, = T7.7%, = 84.1%=
baseli d neutral conditi
asclin€ and ncutral condition (N=217) L}E}‘;,%E‘r(Table 6) ]
: MLPE o] &3t 4 A}, A g4 d880] 55.6%%
Baseline Neutral t
R SLAL100 L5104 3 vebston, 718 11.6%, <9 67.0%, 183 =% 88.1%
—— S S 2 A9 EFH3UTH(Table 7).
SD_RRI 33.6xt14.4 32.0%13.9 14.1
LF 0.4£0.2 0.4%0.1 0.1
HF 0.6+02 0.620.1 0.1 Table 5. The result of three emotion discriminant by LDA
HRV 1.0+0.8 0.8+0.5 0.6 Happiness | Neutral Surprise Total
BVP 0.2%0.1 0.2%0.1 14.6™ Happiness 78.0 214 6 100.0
Resp_R 3.8+1.2 3.5+0.8 33" Neutral 10.6 88.8 5 100.0
Resp_A 42+38 4.1£38 577 Surprise 12.5 4.5 83.0 100.0
Resp_Rsd 0.5+0.4 0.41+0.4 72
R 0.5+0.6 0.5+0.6 10.8™
esp_Asd e Table 6. The result of three emotion discriminant by SVM
SCL 02102 02402 22.7 ‘ .
SCR 01403 02405 23.0™ . Happiness | Neutral Surprise Total
Mean SKT |  323+24 323124 21" Happiness | 647 306 46 1000
* pm s Neutral 20.2 77.7 2.1 100.0
M+SD “p<.05, “p<01, "*p<.001 eutra
Surprise 12.5 34 84.1 100.0

Table 4. The result of one-way ANOVA of ANS response
among happiness, surprise, and neutral

(N=217)
SS df MS F Post-hoc
HR 25509 | 2 12754 | 263" | 2>1,3
SD_RRI | 610013 | 2 |30500.7 | 106.6™" | 2>1,3
LF 02| 2 0.1 3.7 2>3
HF 02| 2 0.1 3.7 3>2
HRV 46| 2 23 477 | 2>3
BVP 05| 2 03| 640™ | 3>1>2
Resp_R 144 | 2 72 8.5 | 2,3>1
Resp_A 1133 | 2 567 | 158" | 2>13
Resp_Rsd 157 | 2 78 | 2937 | 2>1>3
Resp_Asd 680 | 2 340 | 469 | 2>1>3
SCL 403 | 2 20.1 | 413.9™ | 2>1,3
SCR 1188.0 | 2 5940 | 36337 | 2>1>3
Mean SKT 45| 2 22| 3977 | 3,2>1
"p<.05, " p<.01, " p<.001

3.3 The result of emotion recognition

Al Aol sk IHEES
TAS AAst Ay dA A Y
715 78%, % 88.8%, 11
(Table 5).

SVM &ag]5s 288 24 Ayl A 849 dids

Table 7. The result of three emotion discriminant by MLP

Happiness | Neutral Surprise Total

Happiness 11.6 50.3 38.2 100.0
Neutral 6.9 67.0 26.1 100.0
Surprise 1.1 10.8 88.1 100.0

4. Conclusion
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(2000) = 47 Abelsh 31 e Eekel Z9d AeAEE
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