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Table 1  Abbreviated PAD emotion scale
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Fig.2 The sensor and the wearable device
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Table 2 HRYV features Table 3 Principal component contribution rate and
s HRV HE cumulative contribution
1 FE GBI Ty A vk % BitERE %
2 Lo BEIR bR e 2 1 7.30 38. 44 38.44
3 FHORE 2 3.51 18. 48 56.92
4 ORpRifER 3 2.12 11.13 68.05
5 LBk 7 AR 4 1.89 9.95 78. 00
6 BRI R T 50 ms A B 5 0.99 5.19 83. 18
7 LBEEIIR T 50 ms (9 E 4 6 0. 88 4.65 87.84
8 1 min Cok ) B A o 22 V- 2 B 7 0.72 3.78 91. 61
9 Ty R BRI fil B IEE{E (0 ~ 0. 04 Hz) 3 0.53 .80 94. 41
10 LA EARAMRE W B (0. 04 ~0. 15 Hz) 9 0. 48 2.50 96. 91
11 L A% = 9 B B 1A (0. 15 ~0. 4 Hz) 10 0.26 1.37 98.28
12 DB AR AR 1 (5 L (0 ~0. 04 Hz) 11 0.13 0.70 98.98
13 LA FEARMIRE I 15 L (0. 04 ~0. 15 Hz) 12 0.09 0. 48 99. 46
14 LA A RE i 5 L (0. 15 ~0. 4 Hz) 13 0.06 0.32 99. 77
15 ARCABT fil 5 e AR Sk LU 14 0.03 0.16 99.93
6 Poincaré {5 EIHE R0 28 HRV 15 0.01 0.05 99. 98
1&%&%@{&%5&%%@1&%& 6 0.00 0.00 100. 00
. Poincare & I @M%“ﬁﬁiﬂatﬁ%m HRV ¥ - 000 000 100,00
PR ARG :
18 BEACH, 07k P 1010 5 e 18 000 000 100.00
19 FRAESEL, A PR 77 51 9 570 19 0.0 0.0 100.00
20,0, T4 JPOREEBCREET 19 [T T 45 R
P val v (y-9) (13) Table 4 Regression prediction results for relaxed emotion
A,y Fy Sy B ER G A A e SR AR A ik didis MSE p p.
ARAE, o, Fl o, 7350 Dy ST B iy R TSEIN A 1 ) B 4 p 0.92 0.92 0.79
2=, MSE /)N, 500 25 SR 8, p iz T 1, A 2.12 0.91 0.07
i 4 5 T2 90045 FE AR, BB 1, o boom om0
IR ) 2 U B oo em s
3.5 TRERSH P 3.02 0.98 0.16
T 2.3 WA MARARRIE o gy L T
— AR IS RO 8 A, WS R O
M 4 4 IRA B BARE I G EEARANBCH 16 b 0.65 0,94 0.46
A MRREEREARA B 8 4>, SR A U4 I A7 A 017 0.87 0. 72
A AR S TR A G BOR AR S 43 38 5 5L g i A 7 SVR D 0.15 0.73 0.45
i, 35 SVR (ELM"*! F13£F PCA (%) ELM ( PCA - Ty 0.32 0.85 0. 54
ELM) X 3 il 5 647 1 X5 L, el 18 itk P 0.40 0.79 0.24
ATHBUNES R NER 4 Pros , F IR BT i i A 0.56 0.81 0.18
WZERLIE S FR, B IR IR A MRS T D 012 o 0.8

TR ES R 6 Fis T 0.36 0.82 0.23
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Table 5 Regression prediction results for anxious emotion

WIR7A i35 MSE p Pe
p 1.29 0.67 0.34
A 6.52 0.96 0.75
ELM
D 0.99 0.94 0.77
Ty 2.93 0. 86 0.62
p 0.93 0.72 0.53
A 1.48 0.70 0.26
PCA-ELM
D 4.12 0. 81 0.45
Sy 2.18 0.74 0.41
p 0.27 0.94 0.39
A 1.12 0.87 0.20
SVR
D 0.40 0.82 0.65
1y 0. 60 0.88 0.41
p 0.18 0.99 0.22
A 0.22 0.84 0.17
PCA-SVR
D 0.11 1.00 0.07
T 0.17 0.94 0.15
6 IRATHECRAT By = w25 5
Table 6 Regression prediction results for mixed emotion
Jiik i35 MSE p pe
p 0. 88 0.54 0.46
A 3.08 0. 69 0.35
ELM
D 0.70 0. 60 0.43
Ty 1.56 0.61 0.41
2.63 0.32 0.28
A 6.57 0.47 0.33
PCA-ELM
D 0. 64 0.79 0.79
Sy 3.28 0.53 0.47
p 1.52 0.76 0.33
A 1.54 0.72 0.45
SVR
D 1.17 0.84 0.33
F 1.41 0.77 0.37
p 0.37 0. 80 0.78
A 1.76 0.87 0.46
PCA-SVR
D 0.96 0. 66 0.30
Ty 1.03 0.78 0.51
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Fig.3 Comparison of labeled values and predicted

values in the P dimension
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Fig.5 Comparison of labeled values and predicted

values in the D dimension
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Heart rate variability features for emotion dimensional prediction
by using a principal component analysis-support vector
regression ( PCA-SVR) model

HAN YongMing'? ZHANG MingXing'”> GENG ZhiQiang'*"

(1. College of Information Science and Technology; 2. Engineering Research Center of Intelligent PSE, Ministry of Education,

Beijing University of Chemical Technology, Beijing 100029, China)

Abstract: In order to solve the numerical prediction problem in PAD (pleasure, arousal and dominance) dimen-
sional emotion prediction, a PAD dimensional emotion prediction model integrating heart rate variability ( HRV)
based on principal component analysis (PCA) and support vector regression (SVR) is proposed in this paper. The
heart rate and heart interval data of 12 volunteers in two emotion states with relaxation and anxiety induced by music
and video were collected by flexible iontronic sensing, and labeled on a PAD emotion scale. The time-domain, fre-
quency-domain and nonlinear features of HRV were then extracted by different statistical methods, namely mean
and variance, Welch power spectrum and Poincaré scatter diagram, respectively. Moreover, the PCA model was
used to reduce the dimension of HRV features. The HRV features after dimensionality reduction were used as the
input features of the SVR model for training and prediction. The experimental results show that the PCA -SVR mod-
el combined with HRV features had good prediction effects for the three dimensions of PAD, and its average consis-
tency correlation coefficient (CCC) reached 0. 51. The three prediction methods of the SVR, exireme learning ma-
chine (ELM) and the ELM based the PCA were compared, and the results showed that the proposed method resul-
ted in improvements in CCC of 0. 14, 0. 10, and 0. 04, respectively. Furthermore, the proposed method can divide
emotions in detail, and has a certain complementary role in emotion recognition and analysis. Thus using the meth-
od in combination with wearable devices, it is possible to identify and predict emotions in daily life.

Key words: PAD dimensional emotion; heart rate variability ; principal component analysis; support vector regres-

sion
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