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Abstract: Emotion recognition based on electroencephalography (EEG) has a wide range of applications and has great potential
value, so it has received increasing attention from academia and industry in recent years. Meanwhile, multiple kernel learning (MKL)
has also been favored by researchers for its data-driven convenience and high accuracy. However, there is little research on MKL in
EEG-based emotion recognition. Therefore, this paper is dedicated to exploring the application of MKL methods in the field of EEG
emotion recognition and promoting the application of MKL methods in EEG emotion recognition. Thus, we proposed a support vector
machine (SVM) classifier based on the MKL algorithm EasyMKL to investigate the feasibility of MKL algorithms in EEG-based emo-
tion recognition problems. We designed two data partition methods, random division to verify the validity of the MKL method and se-
quential division to simulate practical applications. Then, tri-categorization experiments were performed for neutral, negative and posit-
ive emotions based on a commonly used dataset, the Shanghai Jiao Tong University emotional EEG dataset (SEED). The average clas-
sification accuracies for random division and sequential division were 92.25% and 74.37%, respectively, which shows better classification
performance than the traditional single kernel SVM. The final results show that the MKL method is obviously effective, and the applica-
tion of MKL in EEG emotion recognition is worthy of further study. Through the analysis of the experimental results, we discovered
that the simple mathematical operations of the features on the symmetrical electrodes could not effectively integrate the spatial informa-
tion of the EEG signals to obtain better performance. It is also confirmed that higher frequency band information is more correlated with
emotional state and contributes more to emotion recognition. In summary, this paper explores research on MKL methods in the field of
EEG emotion recognition and provides a new way of thinking for EEG-based emotion recognition research.
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1 Introduction

Emotions are a very complicated psychological and
physiological response triggered by various events, and
are also considered to be a high-level brain activity. It af-
fects and even determines people’s daily communication
and decision-making process. Furthermore, emotion re-
cognition has been recognized as a crucial and essential
link of human-computer interaction, especially in ad-
vanced brain-computer interface systemsl!. Accordingly,
emotion recognition technology has been widely used in
recent years, particularly in medical, military and other
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fields, and is considered to be a necessary part of future
artificial intelligence technology.

Nonphysiological signals and physiological signals are
two types of body signals used for emotion recognition.
Many previous studies were based on facial expression/?: 3,
voicel4 6l and other nonphysiological signals because these
signals are easier to obtain. However, these methods are
obviously not reliable because people can intentionally
conceal their real emotions and show unreal facial expres-
sions, tone of voice, and other nonphysiological signals.
Compared to these unreliable methods, emotion recogni-
tion using physiological signals is clearly more reliable be-
cause these signals cannot be deliberately hidden or con-
trolled. These signals involve physiological characteristics
such as electroencephalography (EEG)[, electrocardio-
gram (ECG)El, electromyography (EMG), respiratory
signalsll¥, pulse ratel'll; skin resistance (SC)!2 and func-
tional magnetic resonance imaging (fMRI)I3. As a
physiological signal, EEG signals reflect neural electrical
oscillations in the central nervous system and are dir-
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ectly related to high-level cognitive processes!!4, includ-
ing emotionl’]. It has great research prospects in the clas-
sification and recognition tasks of emotion, tactile sensa-
tion['6l and visionl'7l. In addition, EEG signals have a
higher temporal resolution than other physiological sig-
nals. Therefore, EEG-based emotion recognition has
greater potential. So this paper uses EEG signals to con-
duct emotion recognition research.

For general EEG emotion recognition methods, after
acquiring emotion-related EEG signals, emotion-related
features are first extracted from them and then input to
the classifier for classification and identification of the
subject’s emotions. For example, Mohammadi et al.l]
used wavelet entropy and frequency band energy fea-
tures with K-nearest neighbor (KNN) and support vector
machine (SVM) classifiers in the valence/arousal domain
for the classification of emotional states. Degirmenci et
al.["¥ used naive Bayes (NB), SVM, and linear discrimin-
ant analysis (LDA) classifiers to explore the effectiveness
of features improved with empirical mode decomposition
(EMD) in emotion recognition. Yin et al.29 proposed a
new feature selection method called locally-robust feature
selection (LRFS) and used classifiers such as NB, logistic
regression (LR), KNN, extreme learning machine (ELM),
and least squares SVM (LSSVM) to verify that their
method works. With the upsurge of neural network (NN)
and deep learning research, in addition to traditional ma-
chine learning methods, many researchers have applied
NN to EEG-based emotion recognition!”: 21723,

Among these classification algorithms, KNN, LDA,
and NB are computationally small, but not suitable for
solving nonlinear problems?4. NNs have been widely
studied in recent years due to their data-driven conveni-
ence and high accuracy, but they lack interpretability
and require more empirical parameters that cannot con-
trol the learning model welll?]. In contrast, SVM has pro-
duced better performance in solving high-dimensional,
nonlinear, small datasets and many other practical applic-
ation problems/26l. In SVM, there is a basic and essential
element used to map samples from one feature space to
another, i.e., the kernel function. The classical SVM has
only one kernel function, and researchers need to select
the best kernel function and its parameters through ex-
perience or a large number of experimental operations.
Moreover, sometimes a kernel function cannot well char-
acterize multichannel or multitype features. Thus, the
multiple kernel learning (MKL) method emerged at a his-
toric moment.

There are many studies on MKL algorithms, and the
classic methods recognized are as follows. Simple MKL
(SMKL) implements a linear approach of kernel weight
combination, which is an iterative algorithm proposed by
Rakotomamonjy et al.27l Generalized MKL (GMKL) is a
nonlinear approach proposed by Varma and Babul28 that
solves the problem by regularizing not only the kernel
combination weights but also the hyperplane weights.

Group lasso regularized MKL (GLMKL) proposed by
Kloft et al.l2% 30 solves a minor quadratic programming
(QP) problem in each iteration to find the kernel weights
and utilizes the 1-norm to regularize the kernel weights.
EasyMKL proposed by Aiolli et al.Bl finds a unitary
norm vector as a vector of multiple weak kernels combin-
ation to maximize the distance between positive and neg-
ative samples. Among these algorithms, EasyMKL is
more accurate and robust, retaining linear time complex-
ity while efficiently handling a large number of various
kernels[31],

Multiple kernel learning SVM (MKL-SVM) can effi-
ciently merge different kernels from multiple sources in a
data-driven manner. MKL-SVM not only improves the
interpretability of the decision function but also im-
proves the classification performancel? 33 compared to
single kernel SVM. However, as far as we know, there is
no related research on EEG-based emotion recognition
using MKL-SVM. Therefore, we proposed an EasyMKL-
SVM classifier to explore the feasibility of the MKL al-
gorithm in EEG-based emotion recognition. We designed
a tri-categorization experiment of negative, positive and
neutral emotions based on the Shanghai Jiao Tong Uni-
versity emotional EEG dataset (SEED). Two data parti-
tion methods, random division and sequential division
were used to conduct the experiment. We compared it
with the conventional single kernel SVM to verify its
validity. The main contributions of this paper are sum-
marized below.

1) This paper proposes using MKL methods for EEG
emotion recognition research. We applied the EasyMKL-
SVM method to EEG emotion classification and proved
that it is suitable for EEG emotion recognition. This al-
gorithm can automatically select the best combination of
kernels from a set of predefined weak kernel functions in
a data-driven manner, which reduces the user's work of
selecting appropriate kernel functions and optimizing
parameters for different features.

2) We designed two data division methods, random
partition and sequential partition, to perform three kinds
of emotion classification experiments on the SEED. The
former was used to verify the validity, and the latter was
used to simulate real application situations. Under the
two data division methods, the average classification ac-
curacy of the three emotions reached 92.5% and 74.37%,
respectively, both of which outperformed the traditional
single kernel SVM method. Moreover, the MKL method
proposed in this paper outperforms other state-of-the-art
methods.

The remainder of this paper is structured as follows.
First, the general steps and related work on EEG-based
emotion recognition are presented in Section 2, followed
by our proposed method in Section 3. Then, we show our
experimental procedure and its results in Section 4. Fi-
nally, in Sections 4 and 5, there is a discussion of the ex-
perimental results and a general summary of the work in
this paper.
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2 Related work

In this section, we present the general process of EEG-
based emotion recognition research and the theory of the
EasyMKL algorithm.

2.1 General process of EEG-based emo-
tion recognition

The use of physiological signals for emotion recogni-
tion, especially EEG-based methods, has received increas-
ing attention in recent years. Fig. 1 illustrates the general
framework and process of the EEG-based emotion recog-
nition approaches. Researchers usually start their re-
search from one or more of them, and the following is a
detailed description of these steps.

EEG > e Experimental collection .
Preprocessing

acquisition | @ Public dataset

e Segmenting
o Filtering

® Accuracy
o Classifier

Feature

e Frequency domain .
extraction

e Spatial domain

e Time domain
Classification

Fig.1 General flow of EEG emotion recognition

EEG acquisition. There are two main sources of
emotional EEG signals: experimental collection and pub-
lic datasets. The first and most important step in collect-
ing emotional EEG signals is to stimulate the experiment-
al subject’s emotional state in a specific way. Stimulant
materials such as music, pictures and videos are com-
monly used to induce emotions. To make this process
more standard and objective, Frantzidis et al.3% 35 estab-
lished an international emotional picture/sound system as
a benchmark for inducing the subjects to produce emo-
tional states and label emotional categories. Emotion-re-
lated EEG signals can be collected by using EEG acquisi-
tion equipment while inducing the subjects’ emotions.

In addition to collecting EEG signals through experi-
ments, researchers often use public emotional EEG data-
sets. Currently, the more commonly used datasets are
SEED[6. 37 and database for emotion analysis using
physiological signals (DEAP)B8. A simple comparison of
these two datasets is shown in Table 1.

As seen from Table 1, the SEED dataset is released
later, and the quality of the EEG data is higher. There-
fore, this paper conducts the study on the SEED, and the
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Table 1 Comparison of the SEED and DEAP dataset

Name  Release time Number of channels Sampling rate

SEED 2015 62 1000 Hz

DEAP 2011 32 512 Hz

details of the SEED are described in Section 3.1.

Preprocessing. In the data preprocessing step, the
EEG signal is usually first downsampled to reduce the
amount of data. Then, bandpass filtering, blind source
separation or independent component analysisi39 is used
to remove artifacts and avoid the effects of artifacts.

Feature extraction. The main purpose of this step
is to extract information from EEG signals that charac-
terize the emotional state and lay the foundation for the
further application of emotion recognition. The tradition-
al features of EEG signals mainly include features from
the frequency, space, and time domains . In recent
years, as the high complexity and nonlinearity of EEG
signals have been gradually recognized, nonlinear analys-
is has been widely used in the analysis of EEG signals,
and entropy and other complexity measures have also
been heavily applied to extract the features of EEG sig-
nals41-43].

Classification. Designing an effective sentiment clas-
sifier model and conducting classification experiments is
the final step in EEG-based emotion recognition research.
The quality of the classifier used is decisive for the accur-
acy of emotion recognitionl4d. There are many classifiers
that can be used to classify extracted emotional features,
such as naive Bayesian (NB), SVM, decision trees, and
deep learning classifiers[“5].

2.2 EasyMKL-SVM

In SVM, the kernel function is used to implicitly map
the samples to the feature spacel6l. Researchers may hope
to combine multiple possible kernels because of the vari-
ous types of kernel functions and the fact that it is usu-
ally not clear which kernel is the best for the present
task. Therefore, it is desirable to develop an optimized
kernel function consisting of multiple kernels to fit well
with the data structurel’. To solve and optimize the
problem of combining multiple kernels in SVM, the
MKL-SVM method was developed.

The goal of MKL is to improve the classification per-
formance of target kernels by combining predefined mul-
tiple kernels from different sources in a data-driven man-
ner. We used an algorithm called EasyMKL, proposed by
Aiolli and Doninil¥], to solve the problem of how to effi-
ciently combine multiple kernels. The EasyMKL al-
gorithm can efficiently handle many different kernels and
is considered to be a scalable and robust MKL
algorithm(!l. The purpose of EasyMKL is to find the ker-
nel combination that maximizes the margin between
classes.

Finding the best parameters to combine a predefined
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set of kernel matrices is the most important thing in
MKL. This is done by learning a coefficient vector n. The
combinatorial kernel is then obtained according to the
following formula:

R
K=Y nK., n >0
r=1

EasyMKL converted the problem of learning combin-
atorial kernels into a minimax problem with variables -y
and n, i.e.,

Y (30 K) Yoy Al

Q(n,y)

max min(1 —
n:[n=1v€T

It is also proposed that the vector 1 can be used as
the kernel combination vector to maximize the distance
between positive and negative examples. Considering the
distance vector d(v) with the rth entry defined as
d-(v) = 'yT?f{\Tf”y, the original problem can be rewrit-

ten as

min max @ (n,vy) =
VEln:|n|=1 (7.7)

min max (1 — \) T)Td (v)+ AH’Y”E (1)

YET |n|=1

Maximizing the above function @ (n,~) has a simple
analytic solution ™ that can be expressed as

. dv)
K FIe e

This solution can be substituted into a min-max prob-
lem as follows:

minQ (n",7) = min(1 = A)|d (v) |, + Avl5-

It can be seen that the regularized minimizer of the 2-
norm of the distance vector will be the optimal ~.
EasyMKL further simplifies the problem by transforming
the minimization of the 1-norm of the corresponding dis-
tance vector into minimizing an upper bound, thus ob-
taining:

min (1= A) |d(9) |, + Al =
mln( 7Y <ZK ) Y+ Ayl (2)

The resulting minimization problem is the replace-
ment of the kernel matrix in the kernel optimization of
the margin distribution (KOMD) problem with the sum
of kernels. Then, EasyMKL uses the 1-norm upper bound
to modify the original problem and changes the optimal
solution n* of the initial problem (1) with a new 1"

LGOI

=T A ],

Therefore, the problem to be solved becomes
min (1= X)7"d () + Alv[; =

. ld ()1, 2
I‘leelg(l—k)n 1d(y )”2d( ) + Alvlz- (3)

From this new formulation, it can be seen that com-
pared to the original formula, only a coefficient
[d(¥)[,/ld ()], is added after the original optimal solu-
tion ™. It can be concluded that the number of kernels
constrains this coefficient according to Holder's inequal-

ity:

_ @l
<yamp, <VE

This coefficient tends to 1 if d (v) is very sparse, while
it tends to VR if the values in d () are similar. That is,
to solve the minimum problem, EasyMKL uses the pro-
posed formula to promote sparse solutions of the d(v),
also known as the distance vector. Then, n* =
d(v)/|d(7v) |y the weight vector, will be sparser than
the original problem's solution when solving the problem
n (3). Obviously, the EasyMKL minimum problem in (2)
has the same solution as the problem in (3).

3 Method

In this paper, an SVM classifier based on the MKL al-
gorithm EasyMKL was proposed to adapt to different
features and achieve better performance. We call it
EasyMKL-SVM. The whole process of our novel method
will be described in detail in this section, and the flow-
chart is shown in Fig. 2.

3.1 Dataset preparation

The emotion recognition experiments in this paper are
based on a free, publicly available emotional EEG data-
set, the SEEDE6: 371, This dataset is an EEG signal data-
set provided by Shanghai Jiao Tong University in 2015
specifically for emotion analysis and has been used by
many researchers as a benchmark dataset. It contains 62
channels of EEG signals acquired from 15 subjects, and it
performed 3 experiments for each subject at different
times. In each experiment, 15 Chinese film clips were se-
lected as stimuli. In one session, the subject had 5s to get
a hint, 45s for self-assessment and 15s to calm down.
Zheng and LuB" used movie clips in their experiments to
induce three types of emotional states in their subjects:
negative, neutral and positive. The 62-channel EEG sig-
nals in the SEED were sampled at a rate of 1000Hz
and acquired according to the international 10—20
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Fig. 2 Flowchart of the proposed method

systemB7 using the electric source imaging (ESI) neuro-
scan system. The specific electrode position is shown in
Fig. 3.

3.2 Data preprocessing

The SEED provides processed EEG data that have
been sampled down to 200Hz and bandpass filtered to
0-75Hz. The duration of each trial in the SEED was dif-
ferent, and the shortest was 185s. According to the re-
search in [48], when watching emotionally stimulating
videos, the emotional activity of the subjects will first in-
crease and then decrease, which means that the selection
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Fig. 3 Electrode position arrangement of the electrode caps in
the SEED

of the time period will affect the accuracy of the classific-
ation task. Therefore, this paper chooses the last 185s of
each trial to conduct emotion recognition research with
reference to the method of [48]. For trials that are longer
than 185s, considering that it takes some time to elicit
emotions, the last 185s was selected. Finally, according to
the recommended settings in [37], the data were segmen-
ted with a time window of 1s without overlap.

3.3 Feature extraction

The frequency domain features suggested by the
SEED and their combined features in space were used for
this study. We extracted the power spectral density
(PSD), differential entropy (DE), rational asymmetry
(RASM), differential asymmetry (DASM), asymmetry
(ASM), and differential causality (DCAU)ES 37 from the
five frequency bands (delta: 1-3Hz, theta: 4-7Hz,
alpha: 8-13Hz, beta: 14-30Hz, and gamma: 31-50Hz) of
the EEG data as features. These features that were used
for comparison tests are defined as follows:

PSD. PSD is a feature that describes the variation of
signal power with frequency, which can be obtained by
dividing the square of the amplitude-frequency character-
istic after discrete Fourier transfer (DFT) by the length
of the EEG sequence. It was calculated as follows:

2
pop _ F(X)]

where X is the EEG signal of length N and F (X) is the
DFT of X. We calculated the PSD features in each EEG
channel for 5 frequency bands in each sample. In the end,
a 62 (channels)x185 (durations) x5 (frequency bands) fea-
ture vector can be obtained for each trial.
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DE.

h(X)=
> 1 ,(T—/Az)zl ( 1 ,(T—Lé)z) d

— e 20 o) e 20 Tr =
—oo V2mo? & V2mwo?

%log (271'60'2)

where X is a time series following a Gaussian distribution
N(u,0?). For a fixed-length EEG sequence, DE has been
shown to be equal to the logarithmic energy spectrum
(ES) of a specific frequency band*?), where ES is the
average energy of the EEG signal in this frequency band.
In this study, the DE features of the five previously
mentioned frequency bands were calculated, and the final
feature vector size for each trial was the same as that of
PSD, which was 62x185x5.

RASM, DASM and ASM. Twenty-seven pairs of
hemispherically asymmetric electrodes are given in
Table 2. The difference in DE features on these electrode
pairs is defined as DASM, the ratio is defined as RASM,
and the combination of both is defined as ASM. RASM,
DASM and ASM can be expressed as

DASM = h (Xfaf t) —h (Xi”'g’”)

h (Xiright)
AsM = | Bhisw

where i represents the label of the electrode pair in Table 2
and h (X) is the same as defined in the DE part.

Table 2 The 27 pairs of hemispherical asymmetric electrodes

Pair number Left  Right Pair number Left  Right

1 FP1 FpP2 15 PO5 PO6
2 F1 F2 16 CB1 CB2
3 FC1 FC2 17 F5 Fe6
4 C1 C2 18 FC5 FC6
5 CP1 CP2 19 C5 C6
6 P1 P2 20 CP5 CP6
7 PO3 PO4 21 P5 P6
8 o1 02 22 PO7 PO8
9 AF3 AF4 23 7 F8
10 F3 F4 24 T7 T8
11 FC3 FC4 25 TP7 TPS8
12 C3 C4 26 p7 P8
13 CP3 CP4 27 PO7 PO8
14 P3 P4

In the end, the DASM and RASM feature vectors ob-
tained from each trial have the same size, 27x185x5. The
ASM feature represents the total asymmetric features, so
its feature vector size is 54x185x5.

DCAU. Similar to RASM, the DCAU feature was
defined as the ratio of the DE features on the 23 pairs of
frontal-posterior electrodes shown in Table 3. DCAU can
be expressed as

h (Xfrontal)

DCAU = ——————*-
h (X’Lposter'm'r)

where ¢ is the pair number in Table 3 and h(X) is the
same as defined in the DE part. The final DCAU feature
vector size of each trial is 23x185x5.

Table 3 The 23 pairs of frontal-posterior electrodes

Pair number Frontal Posterior Pair number Frontal Posterior

1 FPZ oz 13 Fe6 P6
2 FP1 o1 14 F8 P8
3 FP2 02 15 FT7 TP7
4 AF3 CB1 16 FC5 CP5
5 AF4 CB2 17 FC3 CP3
6 F7 p7 18 FC1 CP1
7 F5 P5 19 FCZ CPZ
8 F3 P3 20 FC2 CP2
9 F1 P1 21 FC4 CP4
10 FZ Pz 22 FC6 CP6
11 F2 P2 23 FT8 TP8
12 F4 P4

3.4 Partition

After obtaining the features introduced in the previ-
ous section, we used two different partitioning strategies
to divide them into training data and test data. Random
division was used to verify the effectiveness of the
EasyMKL-SVM method, while sequential division was
used to simulate actual application situations.

Random division. Like general machine learning
methods, one-fifth of the data from one subject were ran-
domly selected for testing, and the remaining four-fifths
of the data from the same experiment were used for mod-
el training.

Sequential division. One-fifth of the data from one
subject were selected for testing; i.e., the data of nine ad-
jacent trials in one subject were used as a test set, and
the data of the remaining trials from the same subject
were used for model training.

3.5 Kernel selection
We used ten polynomial kernels and ten radial basis
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function (RBF) kernels with different parameters to con-
struct the kernel vector and learned the weight vector
corresponding to the kernel vector on the training set by
the EasyMKL method. The parameter of the polynomial
kernel function is the degree of the highest order term,
and we set it to an arithmetic sequence from 1 to 10. We
set the parameter gamma of the RBF kernel to a geomet-
ric sequence from 107 to 10% Specifically, the basis ker-
nel vector constructed in this paper contains {Poly (de-
gree =1,2,3,4,5,6,7,8,9, 10); Rbf (gamma = 0.000 01,
0.0001, 0.001, 0.01, 0.1, 1, 10, 100, 1000, 10000)}, a
total of 20 commonly used and more effective kernel func-
tions.

3.6 Classification

Through the kernel vector and its weight vector ob-
tained by the EasyMKL algorithm, a combined kernel
can be calculated and then combined with the SVM and
the test set to complete the classification experiment. In
this study, we conducted three-category (negative, neut-
ral, and positive) emotion recognition experiments for
each subject and performed five-fold cross-validation. The
results of the classification experiments are shown in de-
tail in Section 4.

4 Experiments and results

The experimental results were divided into two parts,
random division and sequential division according to the
different data partitioning strategies mentioned in
Section 3.4. In the following, we will demonstrate the res-
ults.

4.1 Random division

First, we follow the traditional machine learning pro-
cess to conduct classification experiments to verify the
validity of the proposed EasyMKL-SVM method. Four-
fifths of the data were randomly selected from each sub-
ject’s data to train the model parameters, and the rest
were input as a test set into the resulting model for clas-
sification. A five-fold cross-validation was then per-
formed, and its average accuracy was used to evaluate
the classification performance.

Fig.4 shows the classification accuracies of the six fea-
tures (ASM, DASM, DCAU, DE, PSD, and RASM) ex-
tracted on the five frequency bands mentioned earlier. It
can be seen that the DE feature eventually achieved the
best classification performance in all four frequency bands
except delta. The highest accuracy of 99.72% was
achieved for the DE feature in the gamma band on the
15th subject. After that, we used the DE feature as an
example to compare the impact of different frequency
bands on classification performance. The average classific-
ation accuracy of the DE features of the five frequency
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bands on 15 subjects is shown in DE of Fig.4. We can see
clearly that the features in the high frequency bands per-
form better than the features in the low frequency bands.
Among them, DE features extracted from gamma bands
have the highest average classification accuracy, reaching
92.25%.

As a control, the traditional single kernel SVM with
an RBF kernel was used for the experiment. Fig.5 shows
the comparison between the traditional SVM and the
EasyMKL-SVM method for the average classification ac-
curacy of the DE features of the 15 subjects in five fre-
quency bands. We can see that the EasyMKL-SVM pro-
posed by us performs better than the traditional SVM,
especially in the low-frequency DE features.

4.2 Sequential division

The random division method mentioned above is
mainly used to verify the validity, which does not fit well
with the practical application scenarios. We usually use
the previously collected EEG data to train the model in
practical applications and input and classify the newly
collected data before performing subsequent operations.
In other words, the test data are continuous, so we used
the sequential division method to conduct experiments to
simulate the actual application. We sequentially selected
the data of three consecutive trials in an experiment to
test the classification performance and the data of the re-
maining twelve trials from the same experiment to train
the model. Then, we still performed a five-fold cross-val-
idation and evaluated the performance with its average
accuracy.

The content of Fig.6 is similar to that of Fig.4 and
shows the classification results of the sequentially di-
vided data. Similar to the result of the random division
results, the DE features perform best in almost all five
frequency bands. We can also see that the performance of
the higher frequency bands is better than that of the
lower bands. The highest average classification accuracy
of 74.37% was provided by the DE features of the gamma
band and was significantly lower than that of random di-
vision.

5 Discussions

From the above experimental results of classification
using our method for different features in different fre-
quency bands, we have some important findings. In this
section, we will discuss these findings in detail.

This paper used two data partition methods, random
division and sequential division, and their results are
shown in Fig.4 and Fig. 6, respectively. For randomly di-
vided data, the average classification accuracy can reach
92.25%, while for sequentially divided data, the average
accuracy can reach 74.37%. From Figs.4 and 6, we can
also see that DE features have the best classification per-
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Fig. 5 Classification results of DE features in five bands on
traditional SVM and EasyMKL-SVM

formance in both data division methods compared to oth-
er features. Compared with the PSD feature and the fea-
tures that simply utilize the spatial position information
of the electrode (DASM, RASM, ASM, and DCAU), the
DE feature performs better in almost all five frequency
bands. Therefore, performing simple mathematical opera-
tions on the features on the symmetrical electrodes can-
not effectively integrate the spatial information of the
EEG signals to obtain features with better performance.
Further research on how to make better use of EEG spa-
tial information is needed.

Fig.5 shows the comparison results of the traditional
SVM and EasyMKL-SVM on randomly divided data. The
results show that the classification performance of
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Fig. 6 Classification results of six features of the sequential data division method on five frequency bands

EasyMKL-SVM is better than that of the traditional
SVM, and EasyMKL-SVM has more obvious advantages
in the low frequency band features. This shows that
EasyMKL-SVM is more adaptable to features because the
method uses a combined kernel composed of multiple ker-
nel functions. Based on this, an effective multidomain fea-
tures fusion method for EEG emotion recognition may be
found in the future. To more clearly demonstrate the su-
periority of the proposed EasyMKL-SVM method, we
present the average classification accuracy of multiple
single kernel methods in sequentially divided data in
Table 4. Here, the kernel function is used for combina-
tion in the proposed EasyMKL-SVM method, and the ac-

@ Springer

curacy is obtained by averaging a five-fold cross-valida-
tion using the DE features of the gamma bands. Similar
to random division, the classification performance of the
combined kernel outperforms the performance of any of
the single kernels that comprise it. In summary, these res-
ults indicate that the proposed method is effective and
that MKL deserves further investigation in EEG-based
emotion recognition.

After that, we compared the classification perform-
ance of DE features in different frequency bands. Figs.4
and 6 show the results of the two data division methods.
It can be found that the performance of the beta band
and gamma band features is better than other lower fre-
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Table 4 Comparison of the classification performance of
different kernel functions

Kernel function Accuracy Kernel function Accuracy
Linear 72.04% Poly2 73.20%
Rbf 0.0001 59.98% Poly3 73.74%
Rbf 0.001 59.98% Poly4 71.18%
Rbf0.01 60% Poly5 70.43%
Rbf0.1 65.6% Poly6 70.39%
Rbfl 73.02% Poly7 70.35%
Rbf10 72.93% Poly8 70.33%
Rbf100 48.98% Poly9 70.33%
Rbf1000 33.37% Poly10 70.32%
Polyl 72.88% Combined kernel 74.37%

quency band features, which indicated that compared
with lower frequency bands, the information in higher fre-
quency bands contributed more to emotion recognition.
The effectiveness of the beta and gamma bands in emo-
tion recognition was also proven in [50, 51].

It is worth noting that the classification accuracy dif-
fers significantly under the two data division methods.
For the random division method, the highest average
classification accuracy reached 92.25%, while the sequen-
tial division method was only 74%. After analysis, the
possible reasons are as follows. Since the experimental
sample data are divided by manual segmentation, each
trial will obtain 185 samples. Under the random division
method, a part of the data in almost every trial will be
divided into the training set, which may cause data leak-
age and lead to a certain degree of overfitting, making
the model look accurate, while the performance in actual
application will not be consistent. Therefore, the results
under randomly divided data are only useful for the com-
parison of the performance between different methods,
and the evaluation of the actual application of the meth-
od should be based on the results of sequentially divided
data. This suggests that emotional EEG signals are com-
plicated. Even if the same emotion is induced by differ-
ent movie clips in the same experiment, different EEG
signals may be generated due to different audio-visual
stimuli. This shows that further research is needed on es-
sential features that can characterize emotions to elimin-
ate the influence of other information in EEG signals.

Since the time period division and selection method
used in this paper referred to [48], it was compared with
its results. Qing et al.l[“8] conducted emotion recognition
experiments on the SEED using DE features and a soft-
voting classifier and achieved a three-category accuracy of
71.41% for positive, neutral, and negative emotions when
using the last 185s data of each trial, while the proposed

EasyMKL-SVM method in this paper achieved an aver-
age classification accuracy of 74.37%. This shows that our
method has better performance, and the MKL method
has certain research value in the field of EEG emotion re-

cognition.
6 Conclusions

In summary, the EasyMKL-SVM method we pro-
posed has better performance and better adaptability to
different features than traditional SVM and other meth-
ods. Through experiments, we found that simple mathem-
atical operations on the features on the symmetrical elec-
trodes cannot effectively fuse the spatial information of
the EEG signals to achieve better performance. It was
confirmed that information in higher frequency bands
contributed more to emotion recognition based on EEG
signals. In the future, we will continue to study the EEG-
based emotion recognition method based on MKL and de-
vote ourselves to researching a method that can effect-
ively fuse multidomain features to extract the essential
characteristics of emotional EEG signals.
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