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In (1), ψs,a(t) represents the displacement and scale
expansion of the basic wavelet, which can be used to de-
compose signals at di!erent times. s denotes the translation
factor, a indicates the scale parameter, and 1/

!!
a

√
is the

normalization factor, which is proportional to ψs,a(t):

CWT(s, a) ! ∫∞
−∞ f(t)ψs,a(t)dt,

(2)
f(t) ! 1

Cψ
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In equation (2), a time-scale planar function CWT(s, a)

mapped by the signal f(t) is shown. CWT(s, a) represents a
one-dimensional continuous wavelet transform.
Cψ ! ∫+∞

−∞(|ψ(u)|2/|u|du), and ψ(u) is the Fourier transform
(FT) of ψ(t).

"e continuous wavelet transform (CWT) is used for
extracting the PSD features of EEG signals. In this study, we
used Daubechies coe#cients for the wavelet transform, as
they are characterized by excellent time localization per-
formance and a maximal number of vanishing moments for
a given support set. Daubechies 4 enjoys compact support
and an orthonormal wavelet with smoothness. "us, an
improved e!ect can be achieved through the analysis of
nonstationary EEG signals. It is necessary to select a suitable
number of decomposition levels to analyze an EEG signal;
thus, we selected a decomposition level of 5 (L! 5). In
addition, the sampling frequency was 256Hz, and the band-
limited EEG was then subjected to a $ve-level decomposi-
tion coe#cient of six subband signals through CWT. As
shown in Figure 2, six subbands, including xD1, xD2, xD3,
xD4, xD5, and xA1, represented the frequency range of the
band-limited EEG signal [17], where xA is the decompo-
sition approximation coe#cient and xD is the decomposi-
tion detail coe#cient.

Four wavelet thresholding methods were used in [18] to
select an accurate threshold. We adopted the SURE
threshold, which is an adaptive soft thresholding method.
Once the threshold coe#cients were extracted from each
level, the e!ect of the noise on the EEG signals was removed.

We then used the inverse CWT to reconstruct the signals at
each level.

"e $rst reconstructed detail D1 was regarded as the
noise component of the EEG signal, and the reconstruction
details of the other four subband signals D2–D5 and the
reconstruction approximation of the subband signal A5
yielded signal information relevant to each EEG frequency
band. Furthermore, 5 PSD features were extracted for
classi$cation: the delta (0Hz< f< 4Hz), theta
(4Hz< f< 8Hz), alpha (8Hz< f< 16Hz), beta
(16Hz< f< 32Hz), and gamma (32Hz< f< 64Hz) bands.
"ere were a total of 20 EEG features (4× 5! 20).

2.1.2. Improved Random Forest Classi"er. Compared with
the correlation classi$cation method, random forest clas-
si$cation removes noise more e!ectively and accurately,
which contributes to the higher accuracy during the clas-
si$cation of noise-containing EEG signals. In addition, the
random forest method o!ers stability, running e#ciency,
and reducing errors for imbalanced datasets. On this
foundation, Belle et al. [19] compared the random forest and
regression techniques for attention classi$cation based on
EEG signals, determining that random forest seems to work
best for both modalities, which obtained an average accuracy
of 85.7% for EEG. "us, we choose the random forest al-
gorithm to classify the attention level and propose the IRF
method with higher accuracy.

"e work%ows of the IRF algorithm used for attention
monitoring are shown in Figure 3. A random forest is a set of
multiple decision tree classi$ers h(x, ϕk), k ! 1, . . .{ }, and
the parameter set ϕk{ } is an independent and identically
distributed random vector."e input feature variables X are
classi$ed separately by each decision tree, and the results are
relied on to make predictions. After that, the classi$cation
results with the most votes are attained as the output.

(1) Decision Tree. "e random forest algorithm takes
multiple samples from the original data through bootstrap
resampling and generates multiple decision tree classi$ca-
tion models."ree steps are involved in the establishment of
a decision tree.

Step 1. Select a random bootstrap sample across N
original training sets by using the sampling with the
replacement method, and repeat k times.
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Figure 1: Architecture of the attention monitoring and training modules.
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Attention monitoring

• OpenBCI headset, channels TP9, AF7, AF8, TP10 based on previous studies 

• Continuous wavelet transform (Daubechies coefficients) to extract power spectral 
density features 

• SURE threshold to remove noise from EEG signal 

• Inverse CWT to reconstruct signal

Feature extraction
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Fig. 1: 10 / 10 System Positions[1]
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(3) Grid Search Optimization. !e random forest algo-
rithm has high precision and runs fast. However, a large
number of hyperparameters are generated in the course of
operation. To obtain attention monitoring results with high
accuracy, a grid search is used to optimize the parameters.
!e grid search algorithm involves meshing the variable
regions, traversing all the grid points, solving for the ob-
jective function values that satisfy the constraint conditions,
and selecting the optimal values [20]. Figure 4 shows the
work"ow of the optimization process.

To the best of our knowledge, it takes considerable time to
traverse all the parameters, which decreases the training speed
to some extent. In this paper, we use an improved grid search to
increase the training speed. First, we use a large step size for a
rough search over a wide range. !e mesh built on the co-
ordinate system consists of penalty parameters, the numbers of
decision trees, and split features, n_estimators, max_features,
and min_sample_leaf. When a set of parameters meets the set
requirements, the optimal parameters and accuracy are output.
In a case where more than one set of parameters meets the
requirements, the set of parameters with the smallest penalty
parameter is output as the best selection object. !en, the
search range and step size are reduced to search the parameter
set more accurately. !e above steps are repeated with a step
size of 2 to #nd the global hyperparameters.

(4) Multiple Cross-Validation. !e accuracy of the
proposed method is closely related to the ratio of training
data to test data. To address this problem, S-fold cross-
validation is conducted by randomly dividing the data into S
subsets without repetition, of which S − 1 subsets are used
for training and the remaining subset is used for testing:

T1, T2, . . . , TS{ },
Ti ∩Tj " ∅( ). (5)

!is process is repeated S times, and S accuracies are
obtained. After each round, S − 1 subsets are selected at
random to be retrained. In our paper, we use 10-fold cross-
validation, which mitigates the situation of over#tting and
yields reliable results.!e training set is split into 10 subsets,
of which one subset is used for testing and the remaining
subsets are used as the training set.

2.2. Neurofeedback-Based Attention Training. !ree types of
attention mechanisms and closed-loop neurofeedback were
adopted to implement the attention training function.
Closed-loop neurofeedback technology involves the self-
regulation of an individual’s brain activity by relying on real-
time visual and auditory feedback regarding his/her brain
patterns. !is technique can maintain speci#c conditions in
the brain states of young adults and improve their cognitive
function through training.

We proposed an attention training method based on
closed-loop neurofeedback technology that increases indi-
vidual interest through the use of serious games and im-
proves attention in a relaxing atmosphere without adverse
reactions. At the same time, impaired concentration is as-
sociated not only with psychology but also with the three
previously mentioned attention mechanisms: sustained at-
tention, selective attention, and focus attention. According
to the persistence, selectivity, and focus of attention, we
designed three serious games (as shown in Figure 5), named
Tug of War (Figure 5(a)), Adventures of Birds (Figure 5(b)),
and Greedy Jelly (Figure 5(c)) in this study.

2.2.1. Serious Games with Closed-Loop Neurofeedback.
!e young adults controlled each game by their attention
levels; the speci#c implementation process is as follows: #rst,
EEG signals were obtained from the young adults through
OpenBCI. !en, their attention function was monitored by
the IRF algorithm, and the results were quanti#ed as young
adults’ attention levels during the games. !e value of “high
attention” was quanti#ed as 1, the value of “medium-high
attention” was quanti#ed as 0.75, the value of “medium
attention” was quanti#ed as 0.5, the value of “medium-low
attention” was quanti#ed as 0.25, and the value of “low
attention” was quanti#ed as 0. In the sustained game, only
when the young adults’ attention levels were higher than a
certain threshold would the strength of the character in the
game be greater than that of the enemy. During the selective
game, the bird’s direction (upward, downward, or horizontal
"ight) was manipulated by the young adults’ attention levels.
For the focus game, the character, who was equipped with a
special skill, would release his skill when the young adults’
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Figure 3: Work"ows of the improved random forest algorithm used in attention monitoring.
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Improved random forest algorithm

Attention monitoring
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• Predictions of multiple uncorrelated Decision Trees  

• Simple majority voting to determine optimal classification 

• Grid Search Optimization 

• 10-fold Cross Validation



Serious Games with Closed-Loop Neurofeedback
Attention training
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• (a) Sustained 

• (b) Selective 

• (c) focus

attention was focused and reached the maximum level. In
Figure 5(d), a subject is shown playing a serious game with
closed-loop neurofeedback.

To increase the e!ciency of attention training, we op-
timized the graphical user interface (GUI) of the games as
follows:

(1) We designed various game environments and
characters by taking young adults as the basis to
increase their interest in the GUI.

(2) Feedback was provided to the young adults in real
time in the form of a progress bar that showed their
attention levels.

(a) (b)

(c) (d)

Figure 5: "ree serious games were developed to improve attention. (a) Tug of War was designed in terms of the mechanism of sustained
attention. (b) Adventures of Birds was designed in terms of the mechanism of selective attention. (c) Greedy Jelly was designed in terms of
the mechanism of focus attention. (d) A subject playing a serious game with closed-loop neurofeedback.
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Figure 4: Work#ow of the optimization process.
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Experiments for Attention monitoring
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• Offline Analysis with 80 participants to verify effectiveness 

• Online Analysis headset at 256 Hz to record EEG data 

• 5 male and 5 female healthy subjects 

• Induced attention through specific tasks 

• Self-Assessment Manikin (SAM) to evaluate attention



Serious Games with Closed-Loop Neurofeedback

Experiments for Attention training
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• Online Analysis: OpenBCI headset at 256Hz to record EEG data 

• 5 male and 5 female healthy subjects 

• Calibration session and evaluation session 

• Preparation phase, training phase & rest phase



Serious Games with Closed-Loop Neurofeedback

Experiments for Attention training
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• Each subject performed 3 experiments 

• Effectiveness scored by Schulte times, win times, game scores and skill times 

• Attention was influenced by familiarising with game, but much lower without 
neurofeedback
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Figure 8: Schulte times before the experiment and during experiment (I), experiment II, and experiment III. !e x-axis of each sub"gure
corresponds to the subject IDs, and the y-axis corresponds to the Schulte times.
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Figure 9:!e win times (a), game scores (b), and skill times (c) obtained during experiment (I), experiment II, and experiment III.!e x-
axis of each sub"gure corresponds to the subject IDs, and the y-axis corresponds to the performances of the corresponding indicators.
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Serious Games with Closed-Loop Neurofeedback

Experiments for Attention training
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Other attention training studies focused mostly on  

• EEG without neurofeedback  

• Only one attention mechanism 

Article showed that combination can significantly improve attention 

• Limitation in small number of participants 

• External factors not considered
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