Journal of the Korea Convergence Society ISSN 2233-4890
Vol. 9. No. 5, pp. 33-41, 2018 https://doi.org/10.15207/JKCS.2018.9.5.033

AEPHO|E=E o]

Convergence Implementing Emotion Prediction Neural Network Based
on Heart Rate Varability (HRV)

Sung Soo Park, Kun Chang Lee’
SKK Business School, Sungkyunkwan University

8 9F & AE AR E(HRV)S} 13418
Prediction Neural Network)S 7]'@3}= 3
] 24 s SRR A sto]HEY 4
1t} & Aol A= EPNNe| EldAS A53817] flste] 2098 9] AdxE e d muAdez 1148 53 $o 3
AgA ] Aol E 43S YEAER ARSI of&e] 15| V. = 2k

t}. 23823} Valenced| 3+ F-Measure: 80%°] 1L, Arousal®] -9 %B%= UElth 38 EPNN9 g S =
ke 71 AR S Aol AHEE BARYPQ AT, 2A Y A, AZE HE WAl Y ZHAE
ARE vwsh 2 43 B AgA] Alotes EPNNo| o $-428 244 dE 4358 Rk 2 A9 Ay &%
FHIAE 2 gAE P oA A= ThksE dlolelE 717 AEE o] ALEAIESY] AT ol AlAZbzE WE)

= e 433 dZaka Qs delshed 488 5 9 ol
FAlo]  §HTF 1Y oAF, AvolE, AFAZY, §, PR

Abstract The purpose of this study is to develop more accurate and robust emotion prediction neural network
(EPNN) model by combining heart rate variability (HRV) and neural network. For the sake of improving the
prediction performance more reliably, the proposed EPNN model is based on various types of activation functions
like hyperbolic tangent, linear, and Gaussian functions, all of which are embedded in hidden nodes to improve its
performance. In order to verify the validity of the proposed EPNN model, a number of HRV metrics were calculated
from 20 valid and qualified participants whose emotions were induced by using money game. To add more rigor
to the experiment, the participants’ valence and arousal were checked and used as output node of the EPNN. The
experiment results reveal that the F-Measure for Valence and Arousal is 80% and 95%, respectively, proving that
the EPNN yields very robust and well-balanced performance. The EPNN performance was compared with competing
models like neural network, logistic regression, support vector machine, and random forest. The EPNN was more
accurate and reliable than those of the competing models. The results of this study can be effectively applied to
many types of wearable computing devices when ubiquitous digital health environment becomes feasible and
permeating into our everyday lives.
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Table 1. Previous studies for neural network—based emotion prediction with HRV

Authors Year Emotions Predictive Model Actlvapon Model Performance
Function
) Bidirectional Long Short-Term S V 8
Nicolaou et al. 2011 valence and arousal Memmory Neural Networks Sigmoidal A&7
3 level valence and . . V 73
Swangnetr et al. 2013 arousal Artificial Neural Network Hyperbolic tangent A
Singh et al. 2013 stress level 7 neural network architectures l\/bdm?;jngégf roolic 9.1
Russo et al. 2013 valence and arousal Artificial Neural Network Sigmoidal X gg;
Valenza et al. o014 | 3level valence and Avtificial Netral Network Sigmoidal Vo
arousal A 835
’ Sadness, Disgust, Fear, o )
Kukolja et al. 2014 Happiness, Neutral Artificial Neural Network Logsig 60.3
’ Long Short-Term Memory sigmoid and V 804
Ringeval et . 215 Valence and Arousal Recurrent Neural Networks hyperbolic tangent A 528
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Table 4. Comparisons with other relevant methods

Target Index EPNN ANN LR | SVM RF
Valence | MAE 0.30 0.50 047] 034 | 043
RMSE 0.36 0.68 068| 044 | 051
TP Rate 0.80 025 030| 055 | 045
FP Rate 0.18 0.60 052 | 055 | 048
Precision 0.80 025 031| 030 | 041
Recall 0.80 025 030| 055 | 045
F-Measure 0.80 025 030| 039 | 043
Arousal MAE 0.22 0.35 030| 032 | 040
RMSE 0.15 0.55 055| 042 | 048
TP Rate 0.95 0.50 055| 065 | 050
FP Rate 0.03 0.30 030| 026 | 032
Precision 0.96 051 056 | 055 | 047
Recall 0.95 0.50 055| 065 | 050
F-Measure 0.95 0.50 055] 059 | 048
7 dE 539 Precision? Recalls 28} 31 aho]
2] RS g ol vehlie 413821 F-Measurel35]

£ AH&-8ke] EPNN9 SVME S 0| w3}3 ), Valence
of i3t EPNN¢ F-Measure® 0.80] 3L, SVM-E 0.39%
EPNNoJ o 24 A% t] A YeRRTh Arousal®] 7--
EPNN< 095, SVM< 059 EPNNo| 1.6 =4 e}
Wik

5. A&

2 A AARNEERE RIS A4S sHe R
A AS HHOZ JA, Aol el =g )
FAAGE AR 2 dS W Q0 EPNNol| tigh 4
S H7Rsith EPNN2 ol gAl 4 o] Y=o &
gstgrol] stolHRHIE, Ay, 7F-AIQE B8 483
A dZ= 28 0 2 F-Measure® e+e uf Valence®
dZ A== 80%, Arousals 5% A =S HAY

EPNN#} 7|29 74d)Z va
o}, & AoA] Aok EPNNe| U2 8559
o Wate, ok 16~28] AL AT FAS ol

skt

ox ¥ o
}ﬂ' rlr
1 >
®
o
l-fO F\
oo
r e
B=)

olr
-

(o3
olo
ot
o
%0,
o
n
2
o
e
)
Lo
ro
>
|
o
o
=
N
N
o

o
2
o

5V
EL

7l

[ A
%

A = ol
> rr o 2 =

@
o,

re
-
N
N
e
fo
o
e
jabal
=
2
o
k1o
rir
>
Y
o2
12
N
=51
o,
:

triangular index 52} Wavelet

et

ox mx O & o @ §
=l 2 0%
(o 0ot o

2

o
=
ob
=
o
J

=
m\l
o
e
=
=2
roh
¢

-
N
Ak
e
fo
ob
e

REFERENCES

[1] N. Kandasamy, S. N. Garfinkel, L. Page, B. Hardy, H. D.
Critchley, M. unell & J. M. Coates. (2016). Interoceptive
ability predicts survival on a London trading floor,
Scientific Reports, 6, 32986. DOI : 10.1038/srep32986
R. W. Picard, E. Vyzas & J. Healey. (2001). Toward
machine emotional intelligence: Analysis of affective
physiological state. IEEE transactions on pattern
analysis and machine intelligence, 23(10), 1175-1191.
DOI : 10.1109/34.954607

L K Kwon, S. Y. Lee. (2012). Personalized Service
Based on Context Awareness through User Emotional
Perception in Mobile Environment. Journal of Digital
Convergence, 10(2), 287-292.

K J. Kim. (2018). A conversation training program that



40

rok

2 §818le]=5x] A9P A55

[10]

[11]

[12]

[13]

[14]

combines reason and sensitivity — Using the P-A-C
technique of Transactional analysis -. Journal of
Convergence for Information Technology, 8(2), 149-16.
F. Agrafioti, D. Hatzinakos & A. K. Anderson. (2012).
ECG pattern analysis for emotion detection. IEEE
Transactions on Affective Computing, 3(1), 102-115.
DOI : 10.1109/T-AFFC.2011.28

J. Kim. (2016). Emotion Prediction of Paragraph using
Big Data Analysis. Journal of Digital Convergence,
14(11), 267-273. DOI : 10.14400/JDC.2016.14.11.267

A. Hariharan & M. T. P. Adam. (2015). Blended emotion
detection for decision support. IEEE Transactions on
Human-Machine Systems, 45(4,), 510-517. DOIL
10.1109/THMS.2015.2418231

G. Valenza, L. Citi, A. Lanata, E. P. Scilingo & R.
(2014).  Revealing
responses: a personalized assessment based on heartbeat
4, 4993. DOI

Barbieri. real-time  emotional
dynamics.  Scientific
10.1038/srep04993

S. S. Park & K. C. Lee. (2017). Emotion prediction neural

network to understand how emotion is predicted by

reports,

using heart rate variability measurements. Journal of
The Korea Society of Computer and Information, 22(7),
75-82. DOL: 10.9708/jksci.2017.22.07.075

S. S. Park & K. C. Lee. (2018). Analysis of the Relative
Importance of HRV Metrics to Predict Emotion by
Using Valence-Arousal driven Neural Network. under
review in Journal of Korean Institute of Information
Technology.

M. D. Asaduzzaman, M. Shahjahan & K. Murase. (2009).
Faster training using fusion of activation functions for
feed forward neural networks. International journal of
neural systems, 19(6), 437-448.

DOI : 10.1142/S0129065709002130

M. Dorofki, A. H. Elshafie, O. Jaafar, O. A. Karim & S.
Mastura. (2012). Comparison of artificial neural network
transfer functions abilities to simulate extreme runoff
data. International Proceedings of Chemical, Biological
and Environmental Engineering, 33, 39-44.

M. J. Song, M. Y. Kim, I. S. Sim & W. S. Kim. (2010).
Evaluation of Horticultural Therapy on the Emotional
Improvement of Depressed Patients by Using Heart Rate
Variability. Korean Journal of Horticultural Science &
Technology, 28(6), 1066-1071.

M S Kim Y. N Km & Y. C Cho (2015).
Electrocardiographic characteristics of significant factors
of detected atrial fibrillation using WEMS. Journal of the
Korea Industrial Information Systems Research, 20(6),

[15]

[16]

37-46. DOI : 10.9723/jksiis.2015.20.6.037

N. Ravaja. (2014). Contributions of psychophysiology to
media research: Review and recommendations. Media
Psychology, 6(2), 193-235.

DOI : 10.1207/51532785xmep0602_4

T. Kageyama, N. Nishikido, T. Kobayashi, Y. Kurokawa,
T. Kaneko & M. Kabuto. (1998). Self-Reported Sleep
Quality, Job Stress, and Daytime Autonomic Activities
Assessed in Terms of Short-Term Heart Rate
Variability among Male White-Collar Workers.
Industrial Hedlth, 36(3), 263-272.

DOI : 10.2486/indhealth.36.263

[17] T. G. M. Vrijkotte, L. J. P. van Doomen & E. J. C. de

(18]

[19]

[20]

[21]

[22]

(23]

Geus. (2000). Effects of Work Stress on Ambulatory
Blood Pressure, Heart Rate, and Heart Rate Variability.
Hypertension, 35, 830-836.

DOI @ 10.1161/01.HYP.35.4.830

C. M. Bishop. (1995). Neural networks for pattern
recognition. Oxford university press.

M. Sansone, R. Fusco, A. Pepino & C. Sansone. (2013).
Electrocardiogram pattern recognition and analysis
based on artificial neural networks and support vector
machines: A review. Journal of Headlthcare Engineering,
4(4), 465 -504. DOI : 10.1260/2040-2295.4.4.465

A. Haag, S. Goronzy, P. Schaich & J. Williams. (2004).
Emotion recognition using bio—sensors: First steps
towards an automatic system. Affective diadlogue
systems, Springer, 36-48.

M. Swangnetr & D. B. Kaber. (2013). Emotional state
classification in patient-robot interaction using wavelet
analysis and statistics—based feature selection. IEEE
Transactions on Human-Machine Systems, 43(1), 63-75.
DOI @ 10.1109/TSMCA.2012.2210408

F. A. Russo, N. N. Vempala & G. M. Sandstrom. (2013).
Predicting induced
physiological inputs: Linear and neural network models.
Frontiers in Psychology, 4-468.

DOI @ 10.3389/fpsyg.2013.00463

D. Kukolja, S. Popovi, M. Horvat, B. Kova & K. osi.
(2014). Comparative analysis of emotion estimation

musically emotions  from

methods based on physiological measurements for
real-time applications.  International — Journal — of
Human-Computer Studies, 72(10), T17-721.

DOI @ 10.1016/.ijhcs.2014.05.006

R R. Singh, S. Conjeti & R. Banerjee. (2013). A
comparative evaluation of neural network classifiers for
stress level analysis of automotive drivers using
physiological signals. Biomedical Signal Processing and



AJUPAO S S ol g3 AFANYF AN pAelS wHo) B §uG AT 41
Control, 86), 740-754. DOI : 10.1016/j.bspc.2013.06.014 York, 593-605.
[25] M. A. Nicolaou, H. Gunes & M. Pantic. (2011). DOI : 10.1016/B978-0-12-741252-8 50010-8
Continuous prediction of spontaneous affect from [35] M. Sokolova & G. Lapalme. (2009). A systematic
multiple cues and modalities in valence-arousal space. analysis of performance measures for classification
IEEE Transactions on Affective  Computing, 2(2), tasks. Information Processing & Management, 45(4),
92-105. DOI : 10.1109/T-AFFC.2011.9 427-437. DOIL : 10.1016/j.ipm.2009.03.002
[26] F. Ringeval, F. Eyben, E. Kroupi, A. Yuce, J. P. Thiran,
T. Ebrahimi, D. Lalanne & B. Schuller. (2015). Prediction uk A Z=(Park, Sung So00) [(A3]9]
of asynchronous dimensional emotion ratings from 220109 89 : TS Ao
audiovisual and physiological data. Pattern Recognition wsrel (AesrAAL
Letters, 66, 22-30. DOI : 10.1016/j.patrec.2014.11.007 e een
[27] H. Hwang & S. Park. (2011). The Impact of User's * 20108 99 ~ @A 2 Aare
Psychological Experience on Online Game Addiction: I g BrALA
Perceived Reality and Sense of Presence. Journal of s PAEOE ¢ QlFAE, Hluo]E,
communication science, 11(1), 471-505. M B
[28] J. Posner, J. Russell & B. Peterson, (2005). The « E-Mail © volf74@empas.com
circumplex model of affect: An integrative approach to
affective neuroscience, cognitive development, and
psychopathology. Development and psychopathology, o] A %L(Lee Kun Chang) [g31<l]
17(3), T15-734. DOI : 10.1017/S09645794050650340 i * 19841 1 Tho] R E A ekt (&
[29] M. M. Bradley & P. J. Lang. (1994). Measuring emotion: A} A A A 2] Y)
the self-assessment manikin and the semantic differential. + 19884 : F}o| ~E A 3}8b} (&
Jourmal of behavior therapy and experimental psychiatry, EEIDN IR PR
25(1), 49-59.
DOI : 10.1016/0005-7916(94)90063-9 $1988d ~ 19004 HEEARRE
[30] S. M. Ahn, M. C. Whang, D K. Kim, J H. Kim & S. L , S
Park. (2012). Real-time emotion recognition technology = 19909 ~ 19954 @ A7 g RE wg
using individualization processemotional technology. = 19959 ~ A Ardgea e 2 AkAdgg
Korean Journal of the Science of Emotion and o3}8ke] (SAIHST) §&-o|3}sky} ws
Sensibility, 15(1), 133-140. - PRk Ao wel 9 @A)s 2 Qe 1)
[31] U. R. Acharya, K. P. Joseph, N. Kannathal, C. M. Lim & gojg B, AR =
J. S. Suri. (2006). Heart rate variability: a review.
Medical and biological engineering and computing, * E-Mail * kunchanglee@gmail.com
44(12), 1031-1051. DOI : 10.1007/s11517-006-0119-0
[32] M. P. Tarvainen, J. P. Niskanen, J. A. Lipponen, P. O.
Ranta-Aho & P. A. Karjalainen. (2014). Kubios HRV -
heart rate variability analysis software. Computer
methods and programs in biomedicine, 113(1), 210-220.
DOI : 10.1016/j.cmpb.2013.07.024
[38] S. N. Yu & S. F. Chen. (2015). Emotion state
identification based on heart rate variability and genetic
algorithm. Engineering in Medicine and Biology
Society (EMBC), 2015 37th Annual International
Conference of the IEEE, 533-541.
DOI : 10.1109/EMBC.2015.7318418
[34] R Hecht-Nielsen. (1989). Theory of the Back Propagation

Neural Network. In Proceeding of the International
Joint Conference on Neural Networks(IJCNN), New



