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Graphical abstract Abstract
The connection between music and human are very synonyms because
’—- music could reduce stress. The state of stress could be measured using EEG
Music Extract EEG Arousal & Accuracy signal, an electroencephalogram (EEG) measurement which contains an

signal Valence vahue pecfonmance arousal and valence index value. In previous studies, it is found that the
Matthew Correlation Coefficient (MCC) performance accuracy is of
85t5%. The arousal indicates strong emotion, and valence indicates
positive and negative degree of emotion. Arousal and valence values
could be used to measure the accuracy performance. This research
focuses on the enhance MCC parameter equation based on arousal and
valence values to perform the maximum accuracy percentage in the
frequency domain and time-frequency domain analysis. Twenty-one
features were used to improve the significance of feature extraction results
and the investigated arousal and valence value. The substantial feature
extraction involved alpha, beta, delta and theta frequency bands in
measuring the arousal and valence index formula. Based on the results, the
arousal and valance index is accepted to be applied as parameters in the
MCC equations. However, in certain cases, the improvement of the MCC
parameter is required to achieve a high accuracy percentage and this
research proposed Matthew correlation coefficient advanced (MCCA) in
order to improve the performance result by using a six sigma method. In
conclusion, the MCCA equation is established to enhance the existing
MCC parameter to improve the accuracy percentage up to 99.9% for the
arousal and valence index.

Keywords: EEG, arousal index, valence index, accuracy, MCC and MCCA

Abstrak

Hubungan antara muzik dan manusia sangat sinonim kerana muzik dapat
mengurangkan  keadaan tekanan. Keadaan tekanan  dikesan
menggunakan isyarat EEG. Pengukuran EEG mengandungi nilai arousal
and valence indeks.Dalam kajian sebelumnya, prestasi ketepatan
Matthew correlation coefficient (MCC) mampu mengahasilkkan nilai julat
dalam ukuran 85% + 5%. Arousal menunjukkan sebagai kekuatan emosi,
dan valence menunjukkan tahap emosi yang positif dan negatif. Nilai
arousal and valence ini mampu mengenal pasti prestasi ketepatan.
Penyelidikan ini memberi fumpuan kepada peningkatan persamaan
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parameter MCC berdasarkan arousal and valence untuk melaksanakan
peratusan ketepatan maksimum dalam domain frekuensi dan analisis
domain frekuensi masa. Dua puluh satu ciri  digunakan untuk
meningkatkan kepentingan keputusan pengekstrakan ciri dan menyiasat
nilai arousal and valence. Pengekstrakan ciri besar melibatkan alpha,
beta, delta, dan theta frekuensi diperlukan untuk mengira formula indeks
arousal and valence. Daripada keputusan ketepatan, indeks kebangkitan
dan pelepasan boleh diterima untuk diguna pakai sebagai parameter
dalom persamaan MCC. Namun begitu, dalam kes-kes tertentu,
pengubahan parameter MCC diperlukan untuk mencapai peratusan
ketepatan yang tinggi dan penyelidikan ini mencadangkan MCCA
supaya dapat meningkatkan keputusan prestasi.  Kesimpulannya,
persamaan Matthew correlation  coefficient advanced (MCCA)
diwujudkan unfuk meningkatkan parameter MCC sedia ada dan dapat
meningkatkan peratusan ketepatan kepada 99.9% untuk indeks arousal
and valence.

Kata kunci: Electroencephalogram (EEG), indeks arousal, indeks valence,

Ketepatan,

Matthew correlation coefficient (MCC) dan Matthew

correlation coefficient advanced (MCCA)
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1.0 INTRODUCTION

Music is proven to be a valuable tool for
understanding and underlying brain  mechanisms.
The underlying music mechanism which is part of
human responses are physiological stress, behavior
and emotion. In medical treatment, the form of
music is used to provide therapeutic experiences or
as one of the medical approaches for healing
freatment [1]. Biomedical applications can be used
in medical tfreatment related to human emotion and
feeling because the signal prouces by EEG may
recognize the emotional expressions such as anger,
sadness, happiness, and love.

In general, it is possible to differentiate music in a
variety of types and categories. Greenberg et al.
classified music info two categories: empathizing and
systemizing. The empathizing typed of music referred
to the R&B/soul, adult contemporary and soft rock.
On the other hand, punk, heavy metal, and hard
rock belong to the systemizing category [2]. The
observation pleasant of Hindustani music in two
ragas type "chayanat" and "Darbari Kannada" shows
that this type of music is capable in influencing the
human emotion and concentration [3]. In another
music study by (in-text citation) which applied four
types of music genres namely rap, metal, rock and
hip hop. Based on this study, it is found that different
music genre resulted in different performances The
findings of the study highlighed that rock and rap
may represent happy and sad emotion [4]. Apart
from that, the implementation of music, also
indicates various types of human emotions and their
preferences. Hence, the signal brain performance is
likely to be very subjective to describe because it
depends on the individual music preference.
Therefore, this study applied and focused on two
music genres which are pop-punk and baby rhythm.
These music genres are classified the Empathizing-

Systemizing (E-Z) type of music. The E-Z is used in this
study mainly due fo the abilities to identify, predict
and respond appropriately to the mental states and
behavior system [5]. Moreover, the pop-punk and
baby rhythm are based on the expression of emotion
and the stress condition. Additionally, pop-punk is
usually used for signal investigation compare to baby
rhythm. Both pop-punk and baby rhythm are chosen
because these types of genres are used to
differenfiate the music and identify the respective
EEG signal performances.

In signal processing, a bandpass filter in the EEG
signal processing analysis is practically applied to
obtain the EEG frequency range from 0.01 Hz until
100 Hz with an approximate amplitude of 100 pyV. The
bandpass filter can be an initial step in EEG signal
processing. Bashar et al. (2016) used this technique to
remove the noise and artefact containing the EEG
signal for human identification biometric [6]. In
addition, Li et al. (2016) also applied the bandpass
technique in the communication system application.
The bandpass filter ensures the optimal low and high-
frequency spectrum according to the specific
requirement in the system. The particular frequency
range is for analyzing the amplitude, frequency, and
phase parameter feature in EEG signals [7]. Another
function of the bandpass filter is to perform the
fraction bandpass filter stated by Baranowski et al.
The fraction function consists of the classical and
parallel fraction. The utilization of the fraction is able
to optimize the filter parameter in a specific
frequency [8]. Therefore, bandpass filter is used to
remove the undesired frequency signal contained in
the raw EEG signal.

Time domain, frequency domain, and time-
frequency domain are the practical analysis domains
used to interpret the EEG signal extraction features.
The detailed explanation of exiraction features is
described in two different domains analysis of signal
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processing, which are frequency domain analysis
and time-frequency domain analysis. The frequency-
domain analysis focuses on the Power Spectral
Density (PSD). In contrast, the fime-frequency domain
analysis focuses on Short Time Fourier Transform (STFT)
and Continuous Wavelet Transform (CWT) method to
describe the EEG signal features exiraction.

The frequency-domain analysis is defined as
spectral analysis. The spectral analysis is the most
conventional approach in the frequency domain of
the EEG signal. In standard practice, the frequency
domain method in the EEG signal is Power Spectral
Density (PSD). The PSD can be presented based on
power distribution value of EEG signal for various
evaluation purposes. Dhiya et al. applied the PSD
method to analyze the power spectral density
estimation and relative power containing Alzheimer's
EEG signal. The coherence estimation and statistical
function were obtained from the Alzheimer's EEG
signal [9]. The cognitive process function is an effort
to analyze the effectiveness of processing,
manipulating, and interpreting EEG signals. Hence,
the cognitive system is accepted in the utilization of
the PSD method. The power value may be
recognized in a particular set of frequency bands in
the power spectral density system, such as a power
peak value and mean value [10],[11],[12]. Dilber et
al. (2017) calculated the power statistical feature to
identify the performance of the EEG epilepsy data
signal. The power value can be used as a primary
value for finding a statistical feature which include
the mean, standard deviation, and variance [13].

The Continuous Wavelet Transform (CWT) is one of
the most popular methods to analyze the EEG
complex signal. It also computes the Shannon
enfropy and probability distribution of the energy
coefficient features for emotion recognition purposes
[14]. Rojas et al. (2019), in a review on Wavelet
Transform stated that several features can be
obtained from the signal dataset's energy
distribution, depending on the research function such
as mean, variance, skewness, kurtosis, and RMS
features which are counted as a reliable function in
analyzing the EEG signal [15]. STFT is a practical
method use to exfract the features from the
spectrogram in the time-frequency domain. Ramos-
Aguilar et al. applied this method to analyze the STFT
spectrogram to find the minimum, maximum, and
mean energy value on epilepsy EEG dataset patients
[16]. The scalp region involved multiple electrode
channels was used to collect the data which
discriminated among several tasks. Therefore, CWT is
applied in signal processing to eliminate a redundant
signal to achieve better accuracy while STFT is a
common method to classify multiple EEG signal
representations. The STFT method for studying human
identification emotion based on the EEG signal
enables various features component such as mean,
standard deviation, variance, covariance, mean
absolute deviation, median absolute deviation,
skewness, kurtosis, and peak fo peak value of
minimum, maximum, and median value fo be

obtained. The result of all the features stated
becomes the input value to the classification method
[17]. The elaboration of features in this study includes
basic, extended, and advanced stafistics that
directly involved power and energy value in
manipulating the stafistical features. The basic
features of extraction is are minimum, maximum,
mean, standard deviation, root means square (RMS),
standard deviation error, median, mean deviation,
and coefficient mean deviation. The extended
features are the capability of calculating variance,
skew, and kurtosis. The Physiological  Signal
Databased (DEAP) analysed the statfistical features to
identify the inattentiveness of driver condition [18]. As
an example, the statistical feature is a real value
which are commonly used in the engineering
application as a solution approch. Therefore, the
desicion of statistical features is being contributed to
the arousal and valence input paramater value to
measure the MCC and MCCA.

Valence and arousal are two important
parameters that are highly associated with emotional
states. Arousal refers to a physiological activity
dimension which range from quiet to active mood. It
is also linked to the excitement level of an individual.
Valence refers to another physiological activity
dimensional orthogonal to arousal, with scope from
misery to pleasant [19]. The arousal-valence emotion
dimension is shown in Figure 1. The dimension model
include the joy (valence positive + arousal high),
distressed (valence negative + arousal high),
depressed (valence negative + arousal low), and
reloxed (valence positive + arousal low) [20].

pusitive+

negative

;Iow ®

Figure 1 Arousal valence model dimension[20]

In physiological terms, the meaning of arousal is
the point perception of sense and sensory responses,
while valence is defined as the intrinsic attractiveness
experiences. The visual, audio, and physiological
signals such as the EEG signal are used as
measurement elements in studying the affective and
physiological response of arousal and valance. In
regard to the mental health care freatment, both the
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valence and arousal elements of effect are
important factors since they are correlated with
affective and physiological responses. To evaluate
the indication of positive and negative degree of
emotion for arousal and valence in mental health
care therapy, the central and peripheral nervous
system from EEG signal need to be fested to prove
the model arousal accuracy is 74.65% and valence
accuracy is 78 % [21]. The arousal and valence were
known as instantaneous emoftion indicators. The
arousal indicates as strength of emotion, while
valence indicates a positive and negative degree of
emotion. These arousal and valence value are
capable of identifying the accuracy performance.
The strength of emotion describes the emotional
intensity ranging from calm to activated emotion
such as anger, sadness, happiness, and love, while
the degree of positivity and negativity of emotion
ranging from pleasant to unpleasant [22]. The EEG
signal for emotion recognition with the high and low
arousal and high and low valence state has
performed the arousal in 82.11% and valence 82.03%
using an artificial neural network classifier time-
frequency domain conducted by Mert ef al.(2018)
[23]. It is an indication that there is a connection
between human emotion and feeling which are
measurable in music. Music has proven to be a
valuable tool for understanding and underlying brain
mechanisms. The underlying music mechanism is a
part of the human response process to physiological
stress and behavior, including emotion. The efficiency
of physiological signal and features about music
information retrieval (MIR) in EEG signal has been
exploited. The relationship between the arousal and
mood categories to reach 59.97% of arousal and
60.78% for mood as best performance result [24].

The EEG signal can also group the characteristics
of brain activity with the use of the classification
process. The classification function has recognized
the group, class, type, or category in the largest data
set. However, the EEG signal effect contains various
signals depending on the situation or condition and
classification required, including emotion recognition
data. The arousal responses were 82.58% and
valence 86.44% in the investigation on continuous
music emotion recognition based on the EEG signal
using the Matthews correlation coefficient (MCC)
method. The MCC equation implementation handles
the imbalanced data in a larger sample size [22].
Other than emotion, the MCC equation could
identify alcoholism from the EEG signal because
alcoholism affects the brain structures and functions.
Therefore, the EEG signal recognizes the categories
of alcoholic and non-alcoholic with the Matthews
correlation coefficient of 0.9494 which was found by
Patidar et al. (2017)[25]. The structure and brain
condition of could be fested by measuring and
analyzing the non-linear and non-stationary of EEG
signal frends. The significance of measurement
demonstrates the sensitivity, specificity, and MCC.
The MCC shows a more balanced measure of
classification  with  96% accuracy [26]. The

Approximate entropy (ApEn), Sample Entropy
(SampEn) and Reyni's enfropy (RE) are the features
use to analysed partfial epilepsy in EEG signal in order
tfo classify the Focal and Non-Focal categories
present 96% as used by Arunkumar et al. (2017)[27].

This paper consists of four parts, which begins with
infroduction and followed by methodology.The
methodology describes the signal processing for EEG
signal. The investigation of signal processing was
employed to obtain the result and discussion of MCC
and MCCA based on music application in section 3.
This paper ends with the summary of the reseach
work presented as conclusions in section 4.

2.0 METHODOLOGY

Infroduction

This section describes the process to optimize
accuracy using MCCA. Therefore, the MCCA is
proposed to reach the accuracy percentage of 5%
+5% in frequency domain and time-frequency
domain analysis. The research framework of this study
serves as a guide in the attempt to solve the problem
according to four main steps as presented in Figure 2.
This critical component involves three-stages are EEG
signal, signal processing, and features extraction. The
next step is the mechanisms which was used to
achieve the of the study for accuracy optimization,
as shown in Figure 2.

Arousal &

‘EEGsignal H Signal H Features }—. Valence
Processin, extraction

parameter

MCCA

Figure 2 The research framework

Experiment Setup and Data Collection

The experiment setup and data collection are an
essential part of the process to attain the EEG signal.
The experiment involved 34 subjects, 17 of them were
males and the remaining were females. The subjects
who took part in this study were within the aged of 19
to 30 years old. There was no significant difference in
emotional responses based on gender, although
females subjects are inclined to have stronger
emotion compared to their male counterparts as
described by Akkermans et al. (2018) [28]. A total of
20 minutes was spent for each experiment. The 20
minutes allocated for each session per person was
fully utilized by playing the pop-punk and baby
rhythm music for four minutes each. Both pop-punk
and baby rhythm music were alternately played and
listened to by the subjects until the 20 minutes session
ended. Data was gathered from 9 AM to 5 PM. Pop-
punk and baby rhythm were chosen because of the
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capability to describe human emotion and the stress
condition. Moreover, these types of music are able to
differentfiate and identify the EEG signal. The Emotiv
Epoc+ device fransmits wireless data was used to
capture the EEG signal online while EmotivPro
software was used to capture for EEG signal
recorded offline. However, during the data recording
process, the room must be in a quite condition. The
subject was asked to relax on the chair. It was also
ensured that subjects body movements were
minimized until the experiment completed. In
addition, the subjects were also required tfo answer a
self-assessment questionnaire before the experiment
began. Figure 3 illustrates the relax sitting position of a
subject during the experiment.

Figure 3 Subject position during the data collection

Features Extraction

Signal processing is a critical part of removing the
noise and the unwanted interrupted signal in that
specified EEG signal. The bandpass filter technique is
proposed to remove the noise and eliminate the
lowest and highest frequency signal. The pure EEG
signal is-obtained is in the ranged of -100 yV to 100
uV. The EEG signal monitors and analyses the
spontaneous brain functions in signal activity over
some fime from electrodes locatfion on the scalp
region. This study allows the ten targeted channels
(AF3, F7, F3, FC5, T7, AF4, F4, F8, FCé6, and T8) to
analyse the signal characteristics. The four frequency
bands of the delta, theta, alpha, and beta were
measured for each electrode channel. Each
frequency band contained different features
describe in Table 1 below.

Table 1 Frequency band descriptfion

Frequency Frequency State Condition
type band (HZ)
Delta 0-4 Unconscious state
Theta 4-8 State of quiet focus
Alpha 8-13 Relaxing and awake
Beta 12-25 Anxious, thinking,

concentration condition, and
awake

The EEG signal activity can be measured and
interpreted in many ways similar to feature
exfractions. The featfure extractions can be
presented in a single analysis domain, either time or
frequency or combination of the domains for optimal
performance [27]. The functions of feafure exiraction
in this study are fo analyze the effectiveness of
processing and analyzing EEG signals in  the
frequency domain and time-frequency domain
analysis. The Power Spectral Density (PSD) method is
applied in the frequency domain while the
Continuous Wavelet Transform (CWT) and Short Time
Fourier Transform (STFT) method is applied in the time-
frequency domain. In a frequency domain, applied
Power Spectral Density (PSD) method is used to
identify the EEG power signal distribution. For the
fime-frequency domain, the distribution of EEG
energy signals is idenfified using CWT and STFT
approach. Next, twenty-one features extraction EEG
signals such as mean, standard deviation, variance,
skew, and kurtosis could also be determined.

Arousal and Valence

Twenty-one features are used to improve the
significance of feature exiraction results in arousal
and valence index formula value. The ftwenty-one
features extraction are used for each delta, theta,
adlpha, and beta. The features exiraction are
minimum, maximum, mean, standard deviation, RMS,
standard deviation error, median, mean deviation,
coefficient mean deviation, variance, skew, kurtosis,
entropy, power relative, cross power, magnitude
coherence, Hjorth, REE, MSE error and MSE variance.
Arousal and valences parameter refer to the
physiological activity which confributes to the
application of the four-frequency band for
investigating the responses of attention, alertness,
concenfration and relaxation factors in a brain
region. The equation of arousal in Equation 1T and
valence index formula in Equation 2 are expressed
below.

Arousal index formula = (a+p)/(6+6) (1)
Valence index formula = (a+p) -(6+6) (2)
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MCC and MCCA

The features arousal and valence index result
become the MCC and MCCA equation's input
parameters in order to achieve the study objective.
The parameter of the MCC and MCCA equation is
conisists of true positive (TP), frue negative (TN), false
positive (FP), and false-negative (FN). The TP is the
number of the used EEG selected electrode
channels; and TN is the number of unused EEG
electrode channels. The FP is a false positive value of
arousal and valence in a positive value recognized in
the EEG signal, while FN is a false negative value in
arousal and valence recognized in the EEG signal.
The six sigma's function is to improve the model
performance in equation parameter. Therefore, this
function is applied in MCCA equation to gain the
best performance and the most accurate result. In
the MCCA equation, the parameter value for FPa is a
six-sigma value of arousal and valence in a positive
value recognized in the EEG signal. At the same time,
FNa is a six sigma of arousal and valence in the
negative value identified in the EEG signal. A
previous research conducted by Chen et al. (2019)
[29] found that the Six Sigma element in Six Sigma
Quality Index (SSQ)) in fuzzy environment was used to
improve the measurement result. It also states that
the Six sigma approach can be used to solve
engineering problem. Hence, this is the most suitable,
justification of the six-sigma approach in arousal and
index data since this method is best use to measure
and improve the uncertainty in data processing. The
parameter is used to perform the MCC and MCCA
equation as mention in equation 3 and 4. In order to
obtain the FP with a positive value and FN with a
negative value from the arousal and valence index
formula, the TP requires 10 used electrode channels
and TN is 4 unused electrode channels.

TP x TN —FP x FN
J TP +FP)(TP + EN)TN + FP)(TN + FN)

MCC =

3)

The major contribution for MCCA equation
development for the FPa is a false positive value and
FNa is a false negative value gained from the six-
sigma calculation.

FPa (False Positive) = (Arousalrr/Valencerr index
value)é
FNa (False Negative) = (Arousalen /Valencern index
value)é

TP X TN —FF, XxFN,

MCCA =
J(@TP +FB)(TF + FN,)(TN + FE,)(TN + FN,)

4

3.0 RESULTS AND DISCUSSION

This section explains in details the results of this study
obtained from the investigation method and
technique applied to enhance the Matthew
correlation coefficient (MCC) parameter equation
based on false positive and false negative values.
The improvement is by using Matfthew correlation
coefficient advanced (MCCA) which presence in
the accuracy percentage to reach 95%+5% in the
frequency domain and time-frequency domain
analysis. The first part is to identify the features
function in EEG signal. The PSD features are
presented as the power value in the frequency
domain. The CWT and STFT perform the energy
distribution value in the time-frequency domain. The
effectiveness of power and energy value is defined
by manipulating the value into multiple features. The
employed of statistical features describe mean is
basic result fo calculate standard deviation,
variance, skewness, and kurtosis. Other features such
as, peak the peak value of minimum and maximum
as an input fo measure the median value to observe
the quantities of features distribution.

The power concentration performance was
found in power relative, enfropy, magnitude square
coherence, and magnitude across power spectral
density in the frequency domain as approach
methods. As a result, the value of power
concentration from these features combines to be
an input for the arousal and valence index value.
Furthermore, the probability density function s
measured from the entropy features. The
implementation of entropy and Recursive Energy
Efficiency (REE) features was used fto analyze the
signal  energy concentration in  an  existing
concentration of the signal energy result for the time-
frequency domain. The Hjorth mobility and
complexity features describe as a statistical property
of signal to analyze the complexity of EEG signal in
the frequency domain and time-frequency domain.
the approach of Hjorth mobility and complexity
features also applied in Emotion detection from EEG
recording was found by Liu et al. (2016) [30].
Therefore, all the features mention are used to
improve the significance of feature exiraction results
and investigate arousal and valence index values

Arousal and valence index value is defined as
an instantaneous emotion indicator. The arousal
indicates the strength of emotion and valence
indicates a positive and negative degree of emotion.
The strength of emotion describes the emotional
intensity ranging from calm to activated emotion
such as anger, sadness, happiness, and love, while
the degree of positivity and negativity of emotion
ranging from pleasant fo unpleasant in  the
classification of emotion is stated by Al-Nafjan et al.
(2018) [31]. The arousal and valence are also shown
in axis form as described according to the position
and level of arousal and valence condition as shown
in Figure 4. These arousal and valence values could
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identify the accuracy performance by implementing
them info MCC and MCCA equations.

Arousal

7 /_\ ; ~
/ High arousal “/ High arousal
\ Low Valence \ High Valence y
Valence
/ Low arousal ’ Low arousal ‘
\ Low Valence \  High Valence )

Figure 4 The position and level of arousal and valence
condition

According to the featfures extraction resulf,
arousal and valence are utilized to be applied in the
frequency and time-frequency domain. As stated in
section, arousal and valence index formula refers fo
the selected frequency band used in this equation
namely: the delta, theta, alpha, and beta frequency
band. The optimal arousal and valence results in the
frequency band could be applied in the
mathematical division method, whereas the
combination of alpha and beta is divided by delta
and theta. The combination of alpha and beta is
created due to the same physiological signal
characteristics such as awake, aftention, and
concenfration. In contrast, delta and theta usually
occurs in drowsiness, fatigue, and unconscious states
according to Shang et al.  (2019)[32]. The arousal
and valence index results are obtained from the sum
of features value based on chosen frequency band
which becomes the second part in achieving the
aim of this study. The arousal and valence optimal
result was found possible in measuring the MCC and
MCCA accuracy performance and demonstrated in
frequency and time-frequency domain. The measure
of multimodal result is indicated to be calculated in
MCC2, MCC4, and MCCA. The MMC?2 is the multiple
2 from false-positive and false-negative from arousal
and valence index while MCC4 is multiple four of it.
Both multiplication techniques perform insufficient
accuracy results. Therefore, MCCA is established to
improve the Multimodal accuracy performance in
percentages. The MCCA result obtained was from six
multiplication of false-positive and false-negative. In
line with the finding of multimodal value for
frequency domain and time-frequency domain, it
was found that MCCA is the best multimodal
performance. The multimodal performance of
arousal and valence results for frequency domain
display in Table 2 and Table 3.

Table 2 Multimodal accuracy performance for frequency
domain for arousal in percentage

Condition MCC2 MCC4 MCCA
Resting 29.76 57.11 99.4
state

Music 1 81.89 35.06 98.50
Music 2 93.63 14.50 98.28

Table 3 Multimodal accuracy performance for frequency
domain for valence in percentage

Condition MCC2 MCC4 MCCA
Resting 20.47 53.97 99.33
state

Music 1 20.45 53.77 99.10
Music 2 14.53 72.27 99.38

The arousal and valence for the time-frequency
domain that are used to express the multimodal
performance were calculated by applying the
multimodal equation. The ability of the MCCA
parameter in the multfimodal equation to improve
the performance is taken into consideration and
expected to be proven in Table 4 and Table 5.

Table 4 Multimodal performance for time-frequency
domain for arousal in percentage

Condition MCC2 MCC4 MCCA
CW1 STFT CWT STFT  CWT  STFT

Resting 61.39 1257 5185 11.60 99.12 99.70
state

Music 1 92.05 93.46 1228 14.25 98.43 99.88
Music 2 74.54 12,57 11.06 11.60 98.18 99.70

Table 5 Multimodal performance for time-frequency
domain for valence in percentage

Condition MCC2 MCC4 MCCA
CWT STFT CWT STFT  CWT STFT

Resting 11.98 84.62 24.76 53.86 99.03 99.20

state

Music 1 62.28 8522 90.25 40.32 99.62 98.14

Music 2 20.50 59.13  54.48 41.77 99.94 99.86

The arousal of MCC and MCCA in three
conditions (resting state, pop-punk (music 1), and
baby rhythm (music 2)) shows a noticeable increase
with the highest result of MCC which is 12.03% and
the MCCA is 99.4% as shown in Figure 5. The six-sigma
concept is implemented in MCCA is the major
contributing factor that has caused in the increased
of the accuracy percentage factor. In general, six
sigma's serves the function to improve the model
performance in large data sizes applied for
multivariable purposes [29]. It found that the six-sigma
approach produces a maximum quality result
inaccuracy. The finding of this method has also been
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applied at the valence index and it appears to meet
the study expectations. Another reason which has
caused a growing percentage in valence is the extra
connectivity that occurs between the electrode pair.
The valence results in Figure 6 shows the high
percentage of MCC accuracy known in the valence
graph presents 97.17% for MCC and 99.39% for
MCCA as expected. The high accuracy of valence
obtained indicates that the emotional state is highly
detected. The six-sigma parameter in the arousal
and valance index is used in the MCCA equation fer
tfechniques due to the expected result performance.

| | | E

Figure 5 Arousal MCC performance in the frequency
domain

Valence Performance (frequency domain)

]

Figure 6 Valence MCC performance in the frequency
domain

Arousal index value presents the human emotion
and relaxation and valence related to the positive
and negative degree of emotion in EEG signal. The
arousal index is emotional states involving fewer
electrode pairs compared with the valence index
with high electrode pair connectivity. The fime-
frequency domain diversified the CWT and STFT
method energy value to gain the required features
fo obtain the result's arousal and valence index. The
arousal and valence index value in the time-
frequency domain applies to the MCC and MCCA
equation parameters. The MCC arousal accuracy
performance produces a low percentage (12.8%)
compared to the MCCA percentage (99.8%) with a
substantial difference of more than 80%. As a result,
the accuracy percentage result of arousal in time-
frequency domain in MCCA is successfully achieved
the objective of this study which is proven in Figure 7.
In Figure 8, the MCCA shows that most of the highest
accuracy percentage compared to MCC with the
difference in percentage is +11%. However, the MCC

percentage is not sufficient to achieve the objective
of the study. Therefore, the MCCA is required in the
valence index to improve the accuracy percentage.
From the improvement, the result of the highest
MCCA accuracy is 99.9% and reached the objective.
The result was directly compared with the previoushy
reported finding on a summary of the highest
performance of MCC and MCCA in Figure 7 and
Figure 8.

Figure 7 Arousal MCC performance in the time-frequency
domain

Valence perfarmance (time-frequency)

Figure 8 Valence MCC performance in the time-frequency
domain

4.0 CONCLUSION

In conclusion, this paper found the best performance
accuracy percentage result from arousal and
valence for MCC which is 93.63% and MCCA is
99.88%. The results indicate that these accuracy
percentage gaps arise due to the impact of
connectivity electrode pair as the arousal index has
fewer connectivity than the valence index.
Nevertheless, this could potentially lead to future
study of connectivity electrode pair effected by
enhancing the parameter capabilities and the
extraction of signal features. Based on the research
finding of accuracy performance results, MCC
equation is sfill justifiable to be applied by using
parameter of arousal and valence index.
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Interestingly, a higher accuracy percentage could
be achieved using the enhancement of the MCC
equation. The data of this study suggests that MCCA
equation which derived from existing MCC equation
could enhance the accuracy percentage for arousal
and valence index.
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