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Abstract. Attention has a significant impact on cognitive abilities including 

learning and deciding. Under the fast growth of internet technology, virtual re-

ality has also greatly progressed. Exploring the impact of virtual reality games on 

attention is of great importance, but quantitative analysis on the influence of 

virtual games on attention is inadequate. To address this issue, a method based on 

support vector machines is invented to judge and classify electroencephalog-

raphy signals. Firstly, a method based on wavelet thresholding and ensemble 

empirical mode decomposition is proposed to address the problem of difficult 

extraction and processing of electroencephalography signals. This method can 

preprocess the real-time electroencephalography signals collected from users in 

different attention states, and then classify the signals using an improved support 

vector machines. Experiment outcomes told that when the training set size is 500, 

the root mean square error values of the wavelet thresholding method, ensemble 

empirical mode decomposition, and hybrid algorithm are 0.25, 0.19, and 0.16. 

The values of the hybrid algorithm for the alpha, beta, theta, and delta frequency 

bands are 0.09, 0.15, 0.19, and 0.11, respectively. When the dataset size is 800, 

the root mean square error values of the convolutional neural network model, 

support vector machines model, and improved support vector machines model 

are 0.19, 0.16, and 0.13, respectively. The research results indicate that the 

proposed hybrid denoising algorithm and improved support vector machines 

model have good model performance, providing theoretical support for attention 

training and testing in fields such as psychology and education. 

Keywords: Virtual reality games, Attention, Ensemble empirical mode de-

composition, Support vector machines 

1 Introduction 

Under the fast growth of internet, virtual reality (VR) has made significant progress, 

allowing VR games to create more realistic scenarios [1]. Currently, the diagnosis of 

brain waves generally involves the use of scales combined with electroencephalogram  
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(EEG) graphs. Biomedical research has shown that the fluctuations in EEG signals can
reflect the brain's activity state [2]. When the trend of power spectral density decreases,
it indicates that certain brain functions are insufficiently awakened, resulting in power
not being the main component of electrical activity. The external manifestation is the
difficulty in completing the process of attention. Currently, the judgment of attention
status mainly relies on doctors' interpretation of EEG graphs. For this study, a Long
Short Term Memory (LSTM) based solution is proposed to judge and classify EEG
signals. Firstly, to address the problem of difficult extraction and processing of EEG
signals, a wavelet thresholding based solution with Ensemble Empirical Mode De-
composition (EEMD) is given. This method can preprocess the real-time EEG signals
collected from users in different attention states, and then classify the signals using an
improved LSTM. The content in the study is categorized as four main parts. The first
provides an overview of other scholars' research on signal feature extraction. The
second part presents a review of the methods used in this study. The third part presents
the results obtained from applying the methods and analyzes the results. The fourth part
summarizes all the research and provides prospects for future studies.

2 Related Works

Attention refers to the direction and concentration of mental activity or consciousness
towards a specific object. It can be understood as the ability to focus consciousness,
indicating the degree of attention. Z. Yu et al. found that the connectivity between
multiple brain regions in mental fatigue has not been thoroughly studied, and the
commonly used methods based on EEG wave connectivity analysis are unable to
overcome strong noise interference. Therefore, the research team proposed an adaptive
feature extraction model based on stacked denoising autoencoders. This method can
extract features with a high signal-to-noise ratio (SNR) and suppress noise interference.
Experimental results show that compared to principal component analysis, the pro-
posed method significantly improves the SNR and suppresses noise interference [3].J.
G. Wang et al. found that under brain-computer interfaces and electrode technology
growth, there have been many studies on emotion recognition based on EEG graphs.
The research team proposed a new emotion recognition model based on EEG waves,
which uses a convolutional neural network to classify three emotions: positive, neutral,
and negative. This method constructs the model by directly inputting EEG wave data,
ensuring the integrity of information utilization. The experiment outcomes told that the
method recognize emotions [4].

In summary, many scholars have conducted research on EEG signal recognition
and have achieved certain results. However, no scholar has introduced virtual games
in the study of EEG waves. For this study, a Support Vector Machines (SVM) based
method is proposed to judge and classify EEG signals. Firstly, to address the problem
of difficult extraction and processing of EEG signals, a method based on wavelet
thresholding and ensemble empirical mode decomposition is proposed. This method
can preprocess the real-time EEG signals collected from users in different attention
states, and then classify the signals using an improved support vector machine.



634             Y. Zhao and G. Wei

3 Research on EEG Signal Feature Extraction and
Classification Algorithms

In the first section of this chapter, a method based on wavelet thresholding and en-
semble empirical mode decomposition is proposed, which can preprocess real-time
EEG signals collected from users in different attention states. In the second section,
SVM is proposed and improved for signal classification.

3.1 Research on EEG Signal Analysis Methods

EEG waves refer to the fluctuating signals generated by the electrical activity in the
human brain, which can be recorded and analyzed through EEG graphs.
Brain-computer interaction allows people to interact directly with brain activity, ena-
bling communication and control with external devices without the need for traditional
physical movements [5]. Brain-computer interaction technology is based on the acqui-
sition and analysis of EEG physiological signals such as EEG waves, brain magnetic
waves, or brain oxygenation. By using these signals, it is possible to recognize and
interpret brain activities such as intentions, thoughts, and emotions, and convert them
into control commands, enabling interaction with computers, robots, prosthetics,
wheelchairs, and other devices. In this study, a non-invasive interface was used to
acquire EEG signals through a brain-computer interface. This method is convenient,
risk-free, and does not cause neural damage to the subjects. However, due to the in-
terference of the scalp and other tissues, the signal noise is high, and the spatial and
temporal resolution of the signals is relatively low, which may eventually let decreased
signal accuracy and precision appear. The EEG signal states obtained through
non-invasive brain-computer interfaces can objectively reflect the level of attention of
individuals. The EEG feature rhythms corresponding to different brain activity states
are given in Table 1.

Table 1. Characteristics of Four Rhythms

EEG wave Corresponding state
  (8-13Hz) Appears when awake, relaxed, quiet, and with eyes closed

α  (13-32Hz) When quiet and closed, it only appears in the frontal lobe area, and when open-
ing, thinking, or receiving other stimuli, it also appears in other cortical areas.

π  (4-8Hz) Appears when fatigue or central nervous system is in a suppressed state.

χ  (1-4Hz) It may appear during sleep, but not during wakefulness. In addition, it is also
more common in the EEG waveform of some patients with brain diseases.

From Table 1, it can be seen that   EEG waves appear when the brain is
relatively inactive, such as during wakefulness, relaxation, and quietness. α  EEG
waves appear in the frontal lobe area when in a quiet or closed-eye state, and may also
appear in other cortical areas when thinking or stimulated. π  EEG waves appear
during fatigue or when the central nervous system is inhibited [6]. χ  EEG waves
only appear during sleep. The acquired EEG signals through non-invasive
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brain-computer interfaces need to be processed by amplifiers and converted into
digital information. The EEG signal analysis process is shown in Figure 1.

Fig. 1. EEG signal analysis process.

From Figure 1, it can be seen that EEG wave signals are collected through a
non-invasive brain-computer interface. Due to the transmission of these signals
through the scalp and other tissues, and the interference from various sources of
noise, the collected data needs to be processed by a signal amplifier and then
converted into digital signals through an analog-to-digital converter. During the
process of collecting EEG wave signals, denoising is required to obtain clean EEG
signals. Attention-related EEG features are then extracted, followed by classification
using traditional machine learning solutions. Due to the extremely weak nature of
EEG signals acquired through non-invasive brain-computer interfaces and the
complexity of neuronal activity during brain-computer interaction, various
interferences are often encountered during the EEG signal acquisition process. These
interferences can significantly affect the acquired EEG signals. Therefore, a method
combining ensemble empirical mode decomposition and wavelet thresholding is used
for denoising EEG signals. Wavelet thresholding is a commonly used signal
processing method that can be applied in the preprocessing of non-invasive interface
signals such as EEG graphs [7]. This solution is supported by wavelet transform,
which decomposes the signal into different frequency subbands and removes noise by
setting a threshold. The expression is shown in Equation (1).
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In Equation (1), a  represents frequency, σ  represents time, ,a bξ  represents

the wavelet basis function, and ( )tι  represents the phase function. By controlling
a  and σ , the scaling and translation of the wavelet function can be controlled.
Attention-related EEG signals are generally low-frequency signals or in specific
frequency bands, while noise in the original signal is in high-frequency bands. Based
on this characteristic, combined with the differences in time and frequency of
different frequency bands in wavelet transform, the EEG signals are processed.
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Additionally, wavelet transform can discover the sparsity and decorrelation of signals
to ensure the effectiveness of the processed EEG signals. The process of wavelet
thresholding denoising consists of three steps: first, the noisy signal is decomposed
using wavelet transform; then, the wavelet coefficients are thresholded; finally, the
wavelet coefficients of each layer are reconstructed. The key point of wavelet
thresholding denoising is the selection of the threshold function. Traditional
thresholds are generally categorized as hard and soft thresholding methods. The
wavelet hard thresholding denoising method is shown in Equation (2).

± ,
,

, ,

0    ,

,
j k

j k

j k j k

W
W

W W

κ

κ

 ′< 
=

        (2)

In Equation (2), ,j kW  represents the denoised data, and κ  represents the
denoising threshold. The wavelet soft thresholding denoising method is shown in
Equation (3).
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However, both of the above methods have different degrees of problems. The hard
thresholding method has signal oscillation issues, while the soft thresholding method
has constant error. To address this problem, the empirical mode decomposition
(EMD) method is introduced to improve the model. The EMD basic idea is
decomposing the signal into a set of local oscillatory modes, each mode having
different frequencies and amplitudes. These modes are called intrinsic mode
functions (IMF). The decomposition of the original signal requires the following
conditions: first, the oscillation frequencies of the IMFs are locally equal in the entire
signal, meaning that the IMFs are locally frequency-adjusted, and the average values
at any moment are zero. The decomposition formula that satisfies these conditions is
shown in Equation (4).

1
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<
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In Equation (4), ( )x t  represents the original signal, ( )iimf t  represents the

IMF, and nr  represents the residue. First, the local max and minima original signal
are confirmed, and the upper and lower envelopes are plotted. The new sequence is
acquired via subtracting the mean of the upper and lower envelopes from the original
signal, and this process is repeated until no further decomposition is possible [8].
When the occurrence of extreme points in the EEG signal is relatively random, the
IMF components will have approximate scale component signal distributions in
different IMFs, resulting in mode mixing.
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Therefore, the EEMD algorithm is used, and its process is shown in Figure 2.

Fig. 2. EEMD Algorithm Flowchart.

From Figure 2, it can be seen that white noise sequences are added to the original
signal, and different items are added each time. After obtaining a set of IMF, the
results are averaged. The noise data will cancel each other out after multiple aver-
aging calculations, and the final output is the denoised result. The combined de-
noising process of the two methods is shown in Figure 3.

Fig. 3. Flow chart of EEMD and improved wavelet threshold denoising.

From Figure 3, it can be seen that the first step is to determine the critical IMF
components containing noise. The energy density of the IMF after EEMD
decomposition of the initial signal is constant when multiplied by the average period.
The calculation method for energy density of the original signal is shown in Equation
(5).
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In Equation (5), iEN  represents the energy density of the i -th IMF component,
imf  represents the intrinsic mode function, and n  represents the length of each
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IMF component. The calculation method for the average period is shown in Equation
(6).
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In Equation (6), iD  represents the number of extreme points in the i-th IMF
component. If the mean of the IMF satisfies the condition of being an integer multiple
of a certain size, the first k IMF components are the main noisy modes. Then, the
improved wavelet thresholding is applied to denoise the first k IMF components [9].
To address the drawbacks of soft and hard thresholding, targeted improvements are
made, and the improved algorithm is shown in Equation (7).
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In Equation (7), ,j kW  represents the denoised data, and κ  represents the
denoising threshold. The reconstructed signal is shown in Equation (8).
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In Equation (8), N  represents the length of the sequence, and ρ  represents the
standard deviation of the noisy signal. For the improved threshold function, as ,j kW

increases, the value of 2 2
,j kWe κ

κ
,  gradually decreases.

3.2 Research on EEG Classification Algorithm Based on Attention
Features

Power spectrum estimation is a solution used for analyzing the spectral characteristics
of a signal, typically used to determine the frequency distribution and energy distribu-
tion of a signal. This method can help understand the frequency components, frequency
characteristics, and energy distribution of a signal. In this study, the smoothed averaged
periodogram method is used to analyze EEG signals under different attention states [10].
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The smoothed averaged periodogram method is a power spectrum estimation that
performs Fourier transform and averaging on multiple segments of a signal. Compared
to other solutions, the smoothed averaged periodogram method has three advantages, as
shown in Figure 4.

Fig. 4. Advantages of the smoothed averaged periodogram method.

The first advantage is variance reduction. By averaging multiple segments of a
signal, the smoothed averaged periodogram method can effectively reduce the
variance of the estimated power spectrum. Since signals are often affected by noise,
the power spectrum estimation obtained from a single Fourier transform may have
significant fluctuations. By averaging multiple segments of the signal, the
fluctuations can be reduced, resulting in more stable and reliable power spectrum
estimation results [11]. The second advantage is improved resolution. The smoothed
averaged periodogram method performs Fourier transform on multiple segments of
the signal and averages the obtained spectra. This improves the resolution of the
power spectrum estimation, making the frequency components more clear and
distinguishable. Compared to power spectrum estimation obtained from a single
Fourier transform, the smoothed averaged periodogram method can better reveal the
frequency characteristics of the signal[12]. The third advantage is adaptability to
non-stationary signals. The smoothed averaged periodogram method is suitable for
power spectrum estimation of non-stationary signals. For non-stationary signals,
their frequency characteristics may change over time. By segmenting the signal,
performing Fourier transform, and averaging, the smoothed averaged periodogram
method can better capture the frequency distribution of the signal in different time
periods, meeting the analysis needs of non-stationary signals. The mathematical
formula for this method is shown in Equation (9).
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In Equation (9), N  represents the number of data points, K  represents the
number of segments, ( )X n  represents the segmented data, and ( )w n  represents the
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window function. Although this method can intuitively reflect the power distribution
of the four rhythms, it still has certain limitations. This method can only analyze the
energy characteristic changes involving the four frequency bands in the EEG signal.
Therefore, further quantification of each rhythm is needed. Autoregressive modeling
is introduced for quantification. Autoregressive modeling is a statistical model
commonly used for time series modeling. This model assumes a correlation between
the current value of the sequence and past values, using past observations to predict
future observations [13]. In the autoregressive model, the current observation is
considered as a linear combination of past observations, where the coefficients at
each time point represent the influence of past observations on the current
observation. The expression is shown in Equation (10).
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In Equation (10), ( )x n  represents the EEG sequence, ( )nδ  represents white
noise. The calculation formula for estimating the autoregressive model parameters
using the Burg method is shown in Equation (11).
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In Equation (11), fP  represents the forward error power, bP  represents the
backward error power, and P  represents the sum of error powers. After applying
this equation to estimate the auto-regressive power spectrum of the EEG signal, the
mean of the obtained power spectrum data is used as a feature point [14]. The data
features are further analyzed using the sample entropy algorithm, which is defined in
Equation (12).

ln ( ) / ( )k kSampEn A r B r < ,    (12)

In Equation (12), r  represents the estimated similarity, which is a real number.
( )kA r  and ( )kB r  represent the similarity probabilities between two vectors. After

performing EEMD decomposition on the signal, the obtained components are then
subjected to Hilbert transform, which is defined in Equation (13).
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In Equation (13), [ ( )]H x t  represents the Hilbert transform, ( )x t  represents the
original signal, A  represents the amplitude, e  represents the phase, ( )h t
represents the impulse response function, and ( )A t  represents the amplitude
function. After data processing, classification is required. In this study, SVM is used
for EEG signal classification, with the radial basis function as the kernel function, as
shown in Equation (14).

2 2( , ) exp /i ik x x x x ρ< , ,  (14)

In Equation (14), ix  represents the center point, x  represents the input variable,

and 2
ix x,  represents the squared Euclidean distance between each input value in

the function and the center point ix . However, in the case of a large dataset, the
training speed of this method is slightly slow. Therefore, the LSTM network is
introduced to improve the SVM feature classification algorithm. LSTM is a type of
Recurrent Neural Network (RNN) architecture used for processing sequential data.
Compared to traditional RNNs, LSTM introduces gate mechanisms that can better
capture long-term dependencies [15]. In traditional RNNs, information is passed
through consecutive time steps, but as the number of time steps increases, the
information may gradually vanish or be overwritten, which is known as the vanishing
gradient and exploding gradient problems. LSTM solves this problem by using gate
units to effectively retain and propagate important information, with the core being
the internal memory of the cell. The cell state can be passed along the time steps and
selectively updated or ignored. The structure of an LSTM neuron is shown in Figure
5.

From Figure 5, it can be seen that the LSTM neuron structure adds gate structures
to the RNN, including the input gate, forget gate, and output gate. Compared to RNN,
LSTM has an additional state called the cell state, which consists of a long-term state
and a short-term state [16]. Taking the unit at time t as the object, the calculation
formulas for each layer in the LSTM network are shown in Equation (15).
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In Equation (15), W  represents the weight matrix between layers, represents the
hyperbolic tangent function, b  represents the bias term, ρ  represents the sigmoid
function, tg  represents the main layer in the LSTM network, ti  represents the
forget gate control, tf  represents the input gate control, and to  represents the
output gate control [17]. The flowchart of the attention-based EEG signal classification
algorithm based on LSTM-SVM is shown in Figure 6.

Fig. 5. Details of LSTM neuron structure.

Fig. 6. Flowchart of the attention-based EEG signal classification algorithm based on
LSTM-SVM.

From Figure 6, it can be seen that the first step is to collect EEG signals, preprocess
the collected signals, then input the data into the LSTM model to obtain the predicted
data, and finally input it into the SVM model to obtain the output result.
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4 Performance Analysis of EEG Signal Feature
Extraction and Classfication Algorithms

In the first section of this chapter, the wavelet thresholding method and EEMD were
introduced. The proposed hybrid algorithm was compared based on SNR, root mean
square error (RMSE), denoising ability in different EEG frequency bands, and model
processing time. In the second section of this chapter, RNN and SVM algorithms
were introduced, and the models were compared based on accuracy and RMSE.

4.1 Performance Analysis of EEG Signal Denoising Models

This study was trailed on a system with an Intel(R) Core(TM) i5-10210U CPU, 20GB
RAM, Windows 10 operating system, and 8GB memory. The wavelet thresholding
method, EEMD, and the hybrid denoising method proposed in this study were com-
pared. The SNR and RMSE of the three methods were shown in Figure 7.
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Fig. 7. Comparison of RMSE and SNR for different algorithms.

Figure 7(a) showed the variation of RMSE for different algorithm models in the
training set, and Figure 7(b) showed the variation of training SNR. From Figure 7(a),
it could be observed that as the training set size increased, the RMSE values of the
three algorithm models decreased, and the hybrid model proposed in this study had
the lowest RMSE value among the three models. When the training set size was 500,
the RMSE values for the wavelet thresholding method, EEMD, and the hybrid
algorithm were 0.25, 0.19, and 0.16, respectively. From Figure 7(b), it could be
observed that as the size of the training set increased, the SNR of each model
increased. When the training set size was 500, the SNR values for the wavelet
thresholding method, EEMD, and the hybrid algorithm were 3.7, 5.4, and 8.2,
respectively. Among the three algorithms, the hybrid algorithm had a significantly
higher SNR. The experimental results indicated that as the size of the training set
increased, the RMSE values of the wavelet thresholding method, EEMD, and the
hybrid algorithm decreased, and the SNR values increased. Among the three
algorithms, the proposed hybrid algorithm performed significantly better in terms of
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denoising ability. The denoising abilities of the three algorithms in different
frequency bands of EEG waves generated by users during VR educational games
were compared, and the outcomes were given in Figure 8.

0
alpha

WT EEMD Hybrid algorithm

beta theta delta

0.1

0.2

0.3

0.4

0.5

0.6

RM
SE

Types of EEG waves
(a)Comparison of RMSE values between different

algorithm models

0
alpha

WT EEMD Hybrid algorithm

beta theta delta

2

4

6

8

10

12

SN
R

Types of EEG waves

algorithm models

(b)Comparison of SNR values between different
algorithm models

Fig. 8. Comparison of denoising information for different EEG frequency bands generated
during VR educational games using three algorithms.

Figure 8(a) showed the comparison of RMSE values for different EEG frequency
bands using the three algorithms, and Figure 8(b) showed the comparison of SNR
values for different EEG frequency bands using the three algorithms. From Figure
8(a), it could be observed that among the four frequency bands, the three methods had
higher RMSE values for the beta band, which was due to the complexity of the EEG
waves in the beta band. The hybrid algorithm had RMSE values of 0.09, 0.15, 0.19,
and 0.11 for the alpha, beta, theta, and delta bands, respectively. From Figure 8(b),
among the four frequency bands, the three methods had lower SNR values for the
beta band. The proposed hybrid algorithm had SNR values of 9.7, 5.8, 10.3, and 8.7
for the alpha, beta, theta, and delta bands, respectively. The experimental results
indicated that the wavelet thresholding method and ensemble empirical mode
decomposition method had poor denoising ability for beta waves, but performed well
in other EEG bands. The proposed hybrid denoising model exhibited good denoising
ability in all types of EEG waves. The denoising time of the three models for different
frequency bands of EEG waves generated during VR educational games was
compared, and the results were shown in Figure 9.

From Figure 9, it could be observed that in the alpha band, the denoising time for
the WT denoising algorithm model, EEMD denoising algorithm model, and hybrid
algorithm model were 3.6s, 2.3s, and 3.1s, respectively. In the beta band, the
denoising time for the three algorithm models were 4.2s, 2.9s, and 3.2s, respectively.
In the theta band, the denoising time for the three algorithm models were 3.8s, 2.6s,
and 2.9s, respectively. In the delta band, the denoising time for the three algorithm
models were 3.8s, 2.6s, and 2.9s, respectively. The experimental results indicated that
among the four EEG frequency bands, the beta band took longer time for denoising
due to its complexity, while the other bands were relatively simpler and required less
time for denoising compared to the beta band. Among the three models, the proposed
hybrid algorithm model had shorter denoising time, indicating good performance of
the proposed one. Fifty professionals were randomly selected and divided into five
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groups to rate the denoising methods proposed in this study. The outcomes were
shown in Table 2.
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Fig. 9. Denoising time for different algorithms and EEG frequency bands.

Table 2. Performance evaluation of denoising models

Model type Group 1 Group 2 Group 3 Group 4 Group 5
Hybrid algorithm 87.2 92.8 95.6 84.5 91.6

EEMD 85.1 85.9 91.6 78.4 86.5
WT 79.8 80.7 87.5 74.1 78.6

From Table 2, it could be observed that the evaluation scores for the hybrid model
by the five groups were 87.2, 92.8, 95.6, 84.5, and 91.6. The evaluation scores for the
ensemble empirical mode decomposition method by the five groups were 85.1, 85.9,
91.6, 78.4, and 86.5. The evaluation scores for the wavelet thresholding method by
the five groups were 79.8, 80.7, 87.5, 74.1, and 78.6. The experiment outcomes told
that the evaluation scores for the hybrid algorithm model by the five groups were
relatively high, suggesting that the proposed algorithm model had good performance.

4.2 Performance Analysis of EEG Classification Algorithms Based on
Attention Features

After determining the hybrid algorithm as the denoising model, the performance of the
classification model needed to be compared. In this study, the SVM and RNN were
introduced and compared with the proposed LSTM-SVM algorithm model. The out-
comes were shown in Figure 10.

Figure 10(a) showed the RMSE values of the three algorithms for different dataset
sizes, and Figure 10(b) showed the accuracy of the three algorithms for different
datasets. From Figure 10(a), as the dataset size increased, the RMSE values of the
three models decreased. When the dataset size was 800, the RMSE values for the
RNN model, SVM model, and LSTM-SVM model were 0.19, 0.16, and 0.13,
respectively. From Figure 10(b), as the dataset size increased, the accuracy of the
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three models improved, with the LSTM-SVM algorithm model achieving higher
accuracy. The experimental results indicated that the proposed LSTM-SVM
algorithm had good model accuracy. Fifty users were randomly selected, and the
performance of the three algorithm models under different user states during VR
gameplay was compared. The results were shown in Figure 11.

0 200 400
0.1

RM
SE

Dataset size

SVM
LSTM-SVM

RNN

600 800 0 200 400
60

70

75

80

85

90

Ac
cu

ra
cy

Dataset size
600 800

(a)Comparison of RMSE values between
different models

(b)Comparison of accuracy between
different models

0.2

0.3

0.4

0.5

0.6

SVM
LSTM-SVM

RNN

Fig. 10. Performance comparison of different algorithms.

0

SVMRNNLSTM+SVM

RM
SE

Different statuses of users
(a)Comparison of RMSE values between different

algorithm models

0.1

0.2

0.3

0.4

0.5

0.6

Rest Conscientious Irritable Bored

0.5

0.6

0.7

0.8

0.9

1.0

0
Rest Conscientious Irritable Bored

A
cc

ur
ac

y

(b)Comparison of Accuracy between different
algorithm models

Different statuses of users

SVMRNNLSTM+SVM

Fig. 11. Performance of different models under different user states.

Figure 11(a) showed the comparison of RMSE values for different user states
during gameplay. Figure 11(b) showed the comparison of accuracy for different user
states during gameplay. From Figure 11, it could be observed that the RNN model
and SVM model had lower RMSE and accuracy under the focused and agitated states,
which was due to the complexity of the EEG waves in these states. The LSTM-SVM
model achieved higher accuracy under different user states. The experiment
outcomes told that the proposed LSTM-SVM model could handle various complex
EEG wave conditions. The processing time of the three algorithms for EEG waves
generated by users during VR educational games was compared, and the results were
shown in Figure 12.
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Fig. 12. Model processing time under different user states.

Figure 12(a), Figure 12(b), and Figure 12(c) represented the processing time of the
RNN, SVM, and LSTM-SVM algorithms under different user states, respectively.
From the figures, it could be observed that the RNN algorithm model had processing
times of 3.5s, 4.3s, 3.9s, and 3.4s for users in the resting, focused, anxious, and bored
states, respectively. The SVM algorithm model had processing times of 3.4s, 3.5s,
3.4s, and 2.5s for users in the resting, focused, anxious, and bored states, respectively.
The LSTM-SVM algorithm model had processing times of 2.4s, 2.7s, 3.1s, and 1.7s
for users in the resting, focused, anxious, and bored states, respectively. The
experiment outcomes told that the proposed one had good recognition and
classification efficiency for users in different states. Fifty users were randomly
selected and divided into five groups, and their EEG waves during gameplay were
classified, and the matching degree with their own states was evaluated. The oucomes
were shown in Table 3.
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Table 3. User evaluation table

Model type Group 2 Group 3 Group 4 Group 5
LSTM-SVM 87.8 92.6 94.5 82.6

SVM 85.9 84.4 87.4 81.5
RNN 76.7 81.2 74.1 72.5

From Table 3, it could be observed that the evaluation scores for the LSTM-SVM
algorithm model by the five groups were 95.2, 87.8, 92.6, 94.5, and 82.6. The
evaluation scores for the SVM algorithm model were 87.1, 85.9, 84.4, 87.4, and 81.5.
The evaluation scores for the RNN algorithm model were 82.8, 76.7, 81.2, 74.1, and
72.5. The experimental results indicated that the proposed algorithm model had good
user evaluation.

5 Conclusion

The core of the study on the impact of VR games on attention is to determine the
method for evaluating attention. A SVM-based solution is proposed to judge and
classify EEG signals. Firstly, to address the difficulty in extracting and processing EEG
signals, a wavelet thresholding based solution with EEMD is invented. Then, SVM is
improved for signal classification. The experimental results show that when the train-
ing set size is 500, the SNRs of the wavelet thresholding method, EEMD method, and
hybrid algorithm model are 3.7, 5.4, and 8.2, respectively. Among the three algorithms,
the hybrid algorithm has a much higher SNR than the other two. In the alpha band, the
denoising time of the WT denoising algorithm model, EEMD denoising algorithm
model, and hybrid algorithm model are 3.6s, 2.3s, and 3.1s, respectively. In the beta
band, the denoising time of the models are 4.2s, 2.9s, and 3.2s, respectively. In the theta
band, the denoising time of the models are 3.8s, 2.6s, and 2.9s, respectively. In the delta
band, the denoising time of the models are 3.8s, 2.6s, and 2.9s, respectively. When the
dataset size is 800, the RMSE values of the RNN model, SVM model, and LSTM-SVM
model are 0.19, 0.16, and 0.13, respectively. The NN model and SVM model have
lower RMSE and accuracy under the focused and agitated states, while the
LSTM-SVM model achieves higher accuracy under different states. Fifty users were
randomly selected and divided into five groups, and the evaluation scores for the
LSTM-SVM algorithm model by the five groups are 95.2, 87.8, 92.6, 94.5, and 82.6.
The evaluation scores for the SVM algorithm model are 87.1, 85.9, 84.4, 87.4, and
81.5. The evaluation scores for the RNN algorithm model are 82.8, 76.7, 81.2, 74.1, and
72.5. The research results indicate that the proposed model has good ability in attention
classification. The research results also show that the proposed algorithm model has
good performance and can provide theoretical support for attention training and testing
in fields such as medicine and education. However, there are still limitations in the
study. Due to the low sampling frequency of EEG acquisition devices, the attention
states cannot be divided into more categories based on the existing collection methods.
In the future, improvements in the collection methods can be considered to allow for
more classifications.
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