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A Portable Neurofeedback Training System for
Attention Improvement Based on High-Performance
Edge CNN Accelerator

Chunhua He™, Wei Huang, Yi Huang, Haojie Wang, Heng Wu™, Songqing Deng, and Maojin Liang

Abstract—Currently, many people around the world, especially
children and youth, are facing the problem of attention deficit.
Neurofeedback training (NFT) is proved to be an effective
method for improving the attention level. However, current NFT
typically requires the use of computers or other nonportable
devices, which limits the application scenarios of this technique.
Therefore, a portable NFT system based on high-performance
edge Al accelerator is proposed in this article. More specifically,
the real-time single-channel electroencephalogram (EEG) and
electrocardiogram (ECG) signals of the trainees are first collected
by the wearable flexible headband and patch. The wavelet packet
decomposition algorithm is adopted to decompose and denoise
the collected signals. The processed signals are classified by a
convolutional neural network model, and an Al accelerator is
designed to run this model for portability. The classification
results are fed back to the trainees in real-time with a serious
game to achieve the closed-loop regulation of their attentions.
Finally, a single-blind controlled experiment is conducted to
verify the effectiveness of the proposed system. The experimental
results indicate that the attention levels of subjects trained with
the proposed system are significantly improved (p < 0.05), and
the attention-related EEG indicator theta/beta ratio decreased by
an average of 21.85%.

Index Terms—AIl accelerator, attention improving, convolu-
tional neural network, portable neurofeedback training (NFT)
system.
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I. INTRODUCTION
URRENTLY, many people around the world, especially
children and youth, are facing the problem of attention
deficit, which seriously affects their learning and work. And
this issue is even worse in remote areas with scarce medical
resources. In recent years, the rapid development of the
Internet of Medical Things (IoMT) has promoted the popu-
larization of portable healthcare systems, providing effective

solutions to the above-mentioned issue.

In the past, methods such as mindfulness meditation [1],
music intervention [2], aerobic exercise [3], and yoga [4] were
adopted to improve attention. Although these methods are
effective, they have the drawbacks of being time-consuming,
slow to take effect, and prone to causing fatigue. Hence, some
digital methods were developed to solve this problem, such
as games used for cognitive training [5] and games based on
virtual reality and augmented reality [6]. Although they are
interesting and can effectively alleviate boredom, a pure game
can easily lead to addiction. In addition, transcranial magnetic
stimulation (TMS), as a painless and noninvasive medical
technique, can be also applied to improve attention [7].
Although this technique has significant effects, it requires
expensive medical equipment, making it difficult to popularize.

Biofeedback training (BFT) is a medical technique that can
improve cognitive function, regulate mental responses, and
treat various behavioral disorders. It feeds back imperceptible
physiological signals to patients in the form of comprehensible
numbers, sounds, or images via professional instruments,
enabling patients to learn to regulate and control physiological
processes. Common biofeedback methods include functional
Nearinfrared Spectroscopy (fNIRS) [8], electroencephalogram
(EEG) [9], electromyogram (EMG) [10], and electrocardio-
gram (ECG) [11]. Among them, EEG is widely adopted
due to its advantages of low cost, noninvasiveness, and
high temporal resolution. Neurofeedback training (NFT), as
a subdomain of BFT, is a neural regulation technique that
utilizes EEG to detect and regulate brain activity to improve
cognitive abilities. Many studies have proven that EEG-
based NFT can not only improve the attention of healthy
individuals [12], [13], [14], but is also widely applied to the
treatment of diseases such as attention deficit and hyperactivity
disorder (ADHD) [15], autism [16], anxiety disorder [17],
and depression [18]. Compared with traditional drug therapy,
this noninvasive intervention method has fewer side effects
and better patient compliance. Overall, EEG-based NFT is a
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promising method for improving attention, but so far it still
has some limitations.

Accurately detecting changes in the real-time attention level
of trainees is the most crucial step in the NFT process, which
directly affects the training effect. With the rapid development
of AI, machine learning (ML) methods have been applied
to improve the detection accuracy of attention levels in NFT
processes [19], [20]. For the EEG signal, it can be divided into
five waves in accordance with the frequency range: 1) delta
(0.5~4 Hz); 2) theta (4~8 Hz); 3) alpha (8~14 Hz); 4) beta
(14~30 Hz); and 5) gamma (30~64 Hz). Related researchers
have found that the fluctuations in attention levels can cause
changes in the activity of these EEG waves [21], [22], [23].
Therefore, the power of these EEG waves is considered a
feature that can characterize changes in attention levels. ML
methods focus on manually extracting these attention-related
EEG features from raw EEG signals, and then using them to
train ML models. The trained ML model is capable of detect-
ing attention levels based on input EEG features. However,
manual feature extraction may miss key dynamic information
in the EEG signals, leading to a decrease in accuracy [24].
Compared with ML models, deep learning (DL) models
can automatically extract advanced robust features from raw
data, providing superior solutions for improving detection
accuracy [25], [68]. Hence, the NFT system proposed in this
article is implemented based on DL.

Besides, the devices used for NFT also have limitations.
Currently, in most NFT systems, the processing of EEG signals
needs to be completed on computers or other nonportable
devices [19], [26], [27], [28], [29], [30], which makes formal
NFT only available in laboratories or hospitals. This restriction
hinders the promotion of the NFT technique. Therefore, it is
necessary to develop a real-time NFT system that can run on
mobile devices. However, DL models with complex structures
require a large amount of computing resources. In order to
meet the requirements of the real-time NFT systems for low
power consumption and low latency, lightweight DL models
are a more suitable choice.

As for the location for collecting EEG signals, neuro-
science studies have found that the prefrontal lobe is closely
related to advanced cognitive functions such as attention,
memory, and decision-making [31]. And EEG signals from
the frontal lobe have been proven to contain rich attention-
related information [32]. Besides, as the forehead is not
covered by hair, it is easier to obtain clean signals. For these
reasons, the forehead is a convenient location for collecting
EEG signals. Recently, single-channel EEG signals have been
adopted in some studies to detect attention and have achieved
promising results [24], [33], [34], [35]. For convenience,
we also use single-channel EEG signals of Fpl channel to
detect attention levels. However, information required by the
single-channel EEG is not enough for high-accuracy attention
recognition, since it lacks spatial information [35]. Therefore,
to supplement other biofeedback signals is very significant.
Considering that ECG signals are easily obtained, so ECG
signals can be combined with EEG signals and applied for
attention detection [36], [37], [69].

As for the selection of training tools, boring feedback
methods may reduce the enthusiasm of trainees, thereby
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affecting the training effect. Serious games generally refer to
games designed to impart knowledge and train skills. They
can provide fun and motivation for trainees during repeated
training processes, making them suitable as a training tool for
NFT [38].

Overall, NFT is an effective method for improving attention
and has the advantages of safety, noninvasiveness, and good
patient compliance. However, existing NFT techniques still
have the following limitations.

1) Existing NFT systems generally use ML methods to

detect the real-time attention level of trainees, while
ML methods rely on manual feature extraction. EEG
is a complex physiological signal with high temporal
resolution, and simply quantifying it into several feature
values can easily miss important information contained
within, leading to a decrease in the performance of NFT
systems.

2) In existing NFT systems, the processing and classifi-
cation of EEG signals are usually done on computers
or other nonportable electronic devices, which reduces
their convenience and limits their application scenarios.
Especially for children and adolescents in areas with
poor medical conditions, it is difficult to receive effective
attention training.

To address the aforementioned limitations and challenges,
we propose a portable NFT system based on high-performance
edge CNN accelerator, aimed at expanding the clinical appli-
cation scenarios of NFT technique, which is meaningful
for the popularization of daily attention training. The main
contributions of this research are as follows.

1) We use a multimodal physiological signal composed of
five types of EEG waves and denoised ECG signals as
samples to train a lightweight CNN model. The trained
model can accurately recognize three types of attention
states.

2) We design a high-performance edge CNN accelerator
that can run the attention classification model in real-
time on embedded devices, and the model inference
speed is faster than that of computers. Furthermore,
it also has the feature of reconfigurability, which can
support CNN models of various structures.

Compared with current NFT systems, the proposed NFT
system can run entirely on mobile devices without the need
for nonportable devices such as computers, allowing users to
train their attention at home or school. In addition, it also has
the advantages of low latency and low power consumption.
Therefore, the proposed NFT system can be applied to a wider
range of real-world scenarios.

Table I shows the comparison results between the proposed
NFT system and other neurofeedback systems used to improve
attention in terms of input signal, neuromarker or model used,
device used, and system accuracy.

II. MATERIALS AND METHODS
A. Hardware System Design

1) Hardware Introduction: The novel portable NFT system
for attention improvement based on high-performance edge
CNN accelerator mainly consists of a flexible fabric headband
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Fig. 1.

(a) Flexible headband for collecting single-channel EEG signals. (b) Flexible fabric headband. (c) Flexible patch for collecting single-channel ECG

signals. (d) Flexible silicon patch. (e) Structure of the hardware system. (f) Structure of the BSA circuit.

TABLE I
COMPARISON WITH OTHER NEUROFEEDBACK SYSTEMS
USED TO IMPROVE ATTENTION

Neuromarker or

Ref Input signal model Device Accuracy
[19] EEG IRF Laptop 79.34%
[20] EEG SVM Desktop NA
[26] EEG Theta/Beta ratio Laptop NA
[64] EEG Alpha/Thetaratio  ProCamp 5 NA
[65] EEG P300 Desktop NA
[66] EEG Sample entropy Desktop NA
[67] EEG SMR/Theta ratio TV NA
Ourwork EEG+ECG CNN Edge CNN'- g5 g105

accelerator

and a flexible silicon patch. For data acquisition of the
single-channel EEG signals of the forehead, a flexible fabric
headband is developed, as shown in Fig. 1(a) and (b). For data
acquisition of the single-channel ECG signals of the chest,
a flexible silicon patch is developed, as shown in Fig. 1(c)
and (d). The system overview of the flexible headband and
flexible patch is illustrated in Fig. 1(e). The headband system
is composed of a field-programmable gate array (FPGA), a
microprogrammed control unit (MCU), a bioelectrical signal
acquisition (BSA) circuit, an acupoint electric pulse stimula-
tion (AEPS) circuit, a vibration motor, a Bluetooth module,
and a polymer lithium battery. The FPGA is used as an edge
Al accelerator to fulfill the CNN algorithm. The model number
of the FPGA is XCKUS5P (manufactured by Xilinx Company
Ltd., California, USA). The ARM MCU is used to acquire the
EEG signals and conduct the data preprocessing. The model
number of the MCU is CS32A010 (manufactured by Chipsea
Company Ltd., Shenzhen, China). It has a 24-bit X-A-type
analog-to-digital converter (ADC) with a data conversion rate
of 8 ksps, enabling it to handle high-speed changing signals.
The AEPS circuit and the vibration motor are applied to
stimulate trainees once they are at an extremely low level
of attention. The BSA circuit, as depicted in Fig. 1(f), is
adopted to detect the EEG signals. The model numbers of
the instrumentation amplifier (IA) and operational amplifier

(OA) in the circuit are SGM620 and SGM8959-2 (both man-
ufactured by SGMICRO Company Ltd., Shenzhen, China),
respectively. The common mode rejection ratio (CMRR) of the
circuit is greater than 100 dB, which meets clinical standards.
The reliability of the metal electrode has been tested in our
previous work [39]. The polymer lithium battery is used as the
power supply to avoid the power frequency interference. The
Bluetooth module of the headband is used to communicate
with the patch and smartphone.

On the other hand, the patch system is composed of a
MCU, a BSA circuit, a Bluetooth module, and a polymer
lithium battery. Similarly, the ECG signals are detected by the
BSA circuit, and then acquired by the ARM MCU. After data
preprocessing, the raw ECG signals are sent to the headband
by the Bluetooth module for attention recognition. It should
be noted that the BSA circuit used for detecting the ECG
signals is similar to that for detecting the EEG signals, and the
difference is the amplification times. Since the ECG signals
are stronger than the EEG signals, the total gain of the BSA
circuit used for detecting the ECG signals is set to 1000, while
that of the BSA circuit used for detecting the EEG signals
is set to 9910. The sampling frequencies of the two ADCs
of the two ARM MCUs are both set to 512 Hz. Thus, the
EEG signals and ECG signals can be easily acquired by the
two portable Internet of Things (IoT) devices. It should be
emphasized that before wearing our signal acquisition devices,
it is necessary to wipe the skin of the acquisition site with
alcohol to minimize the impedance between the electrode and
the skin as much as possible, so as to obtain higher quality
signals.

2) Signal-to-Noise Ratio Measurement: signal-to-noise
ratio (SNR) is an important performance evaluation indicator
for signal acquisition equipment. A commercial bioelectric
signal acquisition board (manufactured by OpenBCI Company
Ltd.,, New York, USA) was selected for comparison.
Specifically, we collected two 10-s eye blink signals
with a frequency of 1 Hz from the same person using
the developed signal acquisition equipment and OpenBCI
board. Then, the SNR of the collected blink signals was
calculated separately to compare the performance differences
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between our equipment and the standard commercial

equipment.

B. Bioelectric Signal Acquisition Experiment Method

1) Experimental Purpose: This experiment is designed to
acquire raw single-channel EEG and ECG signals in three
attention levels, which will be used to train the DL model.
Many psychological studies have shown that tasks of different
difficulty levels can stimulate different attention levels in
subjects [40], [41]. Hence, the same method is adopted in this
experiment. The definitions of the three attention levels are as
follows.

1) low attention (LA) is defined as a resting state that

typically occurs during closed-eye rest.

2) medium attention (MA) is defined as a relaxed state that

typically occurs during the execution of simple tasks.

3) high attention (HA) is defined as a focused state that

typically occurs during the execution of difficult tasks.

2) Experimental Materials: In order to stimulate different
attention levels of the subjects, various tasks of varying diffi-
culty were provided, including the Stroop color test, Schulte
table, mental arithmetic, and silent reading, which have been
adopted in similar studies [26], [42], [43]. In addition, the
valence section of the self-assessment manikin (SAM) is a
commonly used attention self-assessment scale [19], [44]. It
was adopted in this experiment to evaluate the attention levels
of subjects.

3) Participants: The main target audience for NFT is
children and youth. Considering that children have difficulty
completing difficult attention-inducing tasks, 29 young people
aged 16 to 27 were recruited to participate in this experiment
(male: 17, female: 12, age: 21.34 £ 3.02). All recruited
subjects meet the following selection criteria.

1) The test score for the Wechsler adult intelligence scale

(WAIS) is above 90 points.

2) The vision test results do not show color blindness or

color weakness.

3) The test score for the Adult ADHD self-report scale

(ASRS) is below 17 points.
Considering that the physiological data characteristics of
participants with a history of mental illness may differ from
those of healthy individuals, and that previous participation
in similar experiments may cause pre-existing psychological
effects, we excluded individuals with a history of mental
illness or similar experimental experiences through interviews.

4) Experimental Procedure: The experiment was con-
ducted in a quiet and constant temperature laboratory with
electromagnetic shielding. The subjects sat on the chair and
completed all tasks according to the instructions, as shown in
Fig. 2.

The entire experiment was divided into three stages, such
as rest, pretest, and main test. During the rest, the subjects
were asked to rest with their eyes closed for 600 s to
collect bioelectrical signals in LA. During the pretest, the
subjects were asked to complete each task once to familiarize
themselves with the rules and adapt to changes in attention
in advance. During the main test, each task was presented on

Fig. 2. Experimental platform for collecting the bioelectrical signals.

TABLE II
NUMBER AND PROPORTION OF SAMPLES FOR EACH ATTENTION LEVEL

Attention level Number Proportion
LA 1207 38.11%
MA 951 30.03%
HA 1009 31.86%

a laptop with a fixed presentation time of 15 s. The order of
task presentations is random, and the frequency of each task
presentation is equal. After completing one task, the subjects
need to evaluate their attention levels during the task via the
SAM. Subsequently, the bioelectrical signals collected within
these 15 s will be saved as a sample on another laptop. If the
evaluation time exceeds 5 s, it may mean that the subject is
unable to make a clear choice, and the collected bioelectrical
signals will be discarded as an ineffective sample. The process
of completing one task and one evaluation is defined as one
trial. Each subject was asked to complete 80 such trials, and
for every 20 trials completed, they would have a 90-s break
to adjust their attention levels. Besides, samples that were
severely contaminated due to the excessive body movements
during the task will be excluded. After careful screening, we
finally obtained 3167 samples. The number and proportion of
samples for each attention level are shown in Table II.

C. Data Preprocessing Method

1) Data Segmentation: In similar studies, the length of the
window used to segment EEG signals is 2 or 3 s [24], [45].
A normal person’s heart rate is about 1~2 Hz. To include
as many heartbeats as possible in an ECG fragment, the
obtained samples were further divided into 3-s fragments.
Finally, 15835 (i.e., 3167*5) bioelectrical signal fragments
were obtained.

2) EEG Data Processing: The introduction section points
out that the five EEG waves (i.e., delta, theta, alpha, beta,
and gamma waves) are closely related to attention. Thus, it
is necessary to separate and extract these key EEG waves
from the raw EEG signals. Wavelet packet decomposition
(WPD) is very suitable for processing nonstationary random
signals. It projects the time series signal onto the orthogonal
wavelet basis function space and then decomposes the signal
into different frequency bands. In this article, WPD is adopted
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Fig. 3. Structure diagram of the decomposition tree of the nine-level wavelet packet transform.
to extract five EEG waves from the raw EEG signals, and the TBR = Etheta/ Ebeta 3)

extraction process is as follows.

The structure diagram of the decomposition tree of the nine-
level wavelet packet transform is shown in Fig. 3. In this
figure, the frequency bands of each node are given, and the
key nodes used for subsequent calculations are marked in blue.
The five target EEG waves can be extracted by

WPIEEG = WpdeC(SEEG 9 /db6’)
baselinel = wprcoef(wptgeg [9 0])
Sdelta = wprcoef(wprggg [6 0]) — baselinel
Stheta = wprcoef(wprge [6 11) 0
Supha = wprcoef(wpregg [62]) + wprcoef(wpreeg [7 61)
Speta = wprcoef(wptggg [4 11) + wprcoef(wptgeg [7 71)
— wprcoef(wprgeg [7 15])
Sgamma = wprcoef(wptggg [3 1]) + wprcoef(wprgeg [7 15])

where Sggg is the raw EEG signal, wpdec is a 1-D WPD
function used to decompose the input signal, wptggg is a
wavelet packet tree object corresponding to the O9th-level
decomposition of the input signal, and wprocoef is a wavelet
packet reconstruction function used to reconstruct the decom-
posed signal. Here, [4 1] represents node 1 in the 4th layer,
and similarly, [6 2] represents node 2 in the 6th layer. Because
the sampling frequency is 512 Hz, the reconstructed signal
of node O in the 9th layer represents the baseline signal
with a frequency range of 0~0.5 Hz. Here, 0.5=512/20+D.
The purpose of removing the baseline signal is to filter out
any possible low-frequency noise, such as electrooculography
(EOG) artifacts. Sgelta, Stheta> Salpha> Sbetas and Sgamma are the
signals of delta, theta, alpha, beta, and gamma waves after
WPD processing, respectively. Here, theta/beta ratio (TBR)
(TBR) is an important EEG indicator related to the attention
level, and the calculation equations are as shown in

8
Etheta = f4 Alv[tzhcta(f)df

o (2)
Epera = 14 AMt%eta(f)df

where AMpeta(f) and AMyea(f) are the amplitude functions of
theta wave and beta wave, respectively.

3) ECG Data Processing: During the process of collecting
ECG signals, the subjects sat quietly on the chair, so the influ-
ence induced by motion artifacts can be ignored. Similarly,
the baseline drift in the ECG signal should be removed, and
here WPD is also adopted. The processing equation is shown
in

WPIECG = WpdeC(SECG 9 /db6/)
baseline2 = wprcoef(wptecg [9 0]) @)
YecG = Sgcg — baseline2

where Sgcg is the raw ECG signal, baseline? is the baseline
drift in the frequency range of 0~0.5 Hz, and Ygcg is the
ECG signal without baseline drift.

D. Attention Level Recognition Model

1) Model Structure and Training: In this article, a
lightweight CNN model is constructed to recognize the atten-
tion levels of trainees during NFT processes. The ECG signals
without baseline drift and five EEG waves were used to train
the CNN model. The structure of the CNN model is shown
in Fig. 4. It contains three convolutional layers, three max-
pooling layers, two fully connected layers, and a dropout
layer. The convolutional layer is utilized to extract features
from input signals. The size of the convolution kernels for
all convolutional layers is 3*3, and ReLU is selected as the
activation function. The function of the max-pooling layers is
to reduce parameters while retaining the main features, and
the size of all pooling layers is 2*2. The fully connected layer
maps the features obtained from the convolutional and pooling
layers to the sample labeling space, playing the role of a
classifier. Dropout is a frequently-used regularization method
in DL that can randomly select some nodes to participate
in the model prediction. The dropout rate is set to 0.2.
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Fig. 4. Structure of the CNN model for recognizing the attention levels of trainees during NFT processes.

The output layer is a fully connected layer that outputs the
probabilities of the three different types of attention levels,
and the final prediction result is determined by the maximum
probability. For model training, the backpropagation algorithm
is utilized to learn and optimize network parameters. The
Adam optimizer is adopted with a learning rate set to le-4.
The loss function is cross-entropy loss. The batch size and
epoch are set to 32 and 100, respectively.

2) Model Test: Precision (PR), Recall (RE), F1-score (F1-
score), and Accuracy (ACC) are adopted as evaluation metrics
for model performance, as defined in (5). Leave-one-out cross-
validation (LOOCYV) is adopted to evaluate the recognition
ability of the model. For LOOCYV, samples from each subject
are used as the test set in turn, while samples from the
remaining subjects are used as the training set

_ _TP
PR = TP_it-FP
RE = —to

— TP+FN 2 PRXRE (5)

_ x PR x
F1 —score = “PRIRE
ACC . TP+TN
=~ TP+IN+FP+EN

where TP stands for the number of true positives, FP stands for
the number of false positives, TN stands for the number of true
negatives, and FN stands for the number of false negatives.
In addition, to compare the effects of the multimodal signal
and the single-modal signal, the EEG and ECG signals are,
respectively, used to train the model. And the same validation
method is adopted to evaluate the performance of the model.
3) Hardware Acceleration: While using a laptop or desk-
top for CNN inference can handle real-time dataflow, it is
not a portable and efficient solution for future applications
of NFT. Conversely, relying on embedded cores often results
in suboptimal performance, compromising real-time process-
ing capabilities. To address these challenges, we propose
a dedicated embedded CNN accelerator. Unlike the high-
performance computing (HPC)-oriented CNN accelerators
discussed in [57], [58], [59], [60], and [61], our design strikes
an optimal balance between power, area, and performance.
Fig. 5 illustrates the architecture of our hardware design. It
features 8 matrix memory load units (LoadUs) and 8 store
units. Our matrix memory LoadU is specifically engineered for
efficient matrix and submatrix access. It directly fetches data
from memory in a convolutional style (addressing the data in
the form of m*Inaeix +n+i1*lgubmatrix+j, M = m+stride_m, n =
n+stride_n, i = i+1, j = j+1). This approach allows for dynamic
configuration of submatrix size (lsybmatrix), the starting point

read

=

Central Controller
configure.
LoadU — RePE — StoreU

©
©
©
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Fig. 5. Architecture of the proposed efficient CNN accelerator.

of the submatrix (m, n), and the strides. Therefore, there
is no need to spatially unroll the convolutional layer from
four nested loops into a matrix multiplication layout with
only two nested loops to apply the affine access (addressing
the data in the form of i*lpayix+j, 1 = i+1, j = j+1). Such
an unroll technique adopted in [57] and Google’s TPU [58]
replicates the data in the overlapped area of adjacent submatrix
to form new nonoverlapped submatrix and reorganizes the
submatrix into a single row of new matrix. By doing so, the
convolution operation is unrolled into the matrix multiplication
at the cost of increasing memory usage. In contrast, our matrix
memory LoadUs efficiently handle the complex addressing
pattern inherent in convolution operations without requir-
ing data replication. This eliminates the need for additional
memory storage, while maintaining performance comparable
to unrolled architectures. As a result, our design significantly
enhances efficiency by reducing memory overhead and opti-
mizing data access.

On the computation side, we devise a fully-pipelined
multiply-accumulate (MAC) unit capable of timely data con-
sumption to meet real-time performance requirements. While
the baseline MAC unit is primarily intended for multiplica-
tion and accumulation operations in convolutional and fully
connected layers, we enhance its utility by reusing its adder
to form a configurable subtractor/adder. This modification
enables support for additional operations such as max pooling,
ReLU, and basic element-wise additions, thereby improving
computational resource utilization. We refer to this enhanced
unit as the reconfigurable processing element (RePE), as
illustrated in Fig. 5. The RePE not only supports arithmetic
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operations in convolutional and fully connected layers but also
accommodates fundamental functions in ReLU, max pooling,
average pooling, and other commonly-used layers.

To improve flexibility, the accelerator incorporates an
instruction memory and a centralized controller. Moreover, all
compute units are fully reconfigurable, allowing the accel-
erator to dynamically adapt to changes in layer dimensions
or to support the integration of new layers in the CNN
model. With native floating-point support, as discussed in [62],
the hardware can approximate exponential functions required
by sigmoid or tanh activations through multiplication and
accumulation. By integrating additional division units, the
architecture can be further extended to support a broader
set of nonlinear functions and complex model structures.
Importantly, in CNN inference tasks, the final softmax layer
is often omitted to expedite computation. This is because
the softmax function preserves the partial order of class
scores, and its exclusion does not affect the correctness of
classification outcomes.

The accelerator undergoes multiple reconfigurations during
the execution of a CNN model, as illustrated in Fig. 4. For
example, it may first be configured for a convolutional layer,
followed by a max pooling layer. In each stage, LoadUs are
programmed to fetch specific submatrices by setting iteration
patterns and submatrix lengths. Simultaneously, the RePEs
are reconfigured to execute context-specific operations—for
instance, as MAC units during convolution, or as comparators
during max pooling. Upon completion of all layers, the final
output is retrieved by the host CPU via the AXI4 bus from
the accelerator’s memory, completing the inference process.

(a) Closed-loop feedback system framework for attention training. (b) GUIs of different attention levels in the serious game.

E. Portable NFT System Framework

The number of patients with attention deficits is constantly
increasing, but NFT is usually only available in hospitals or
laboratories and needs to be completed under the guidance of
professional doctors or trainers. Therefore, it is necessary to
provide a treatment plan that is convenient enough and can be
conducted at home. In order to meet this demand, a portable
NFT system framework is described in this section. Its detailed
design is as follows.

The closed-loop feedback system framework for atten-
tion training is described in Fig. 6(a), and a serious game
developed on the Cocos platform that can be installed on
smartphones is used as a training tool for NFT. The graphical
user interfaces (GUIs) of different attention levels in the game
is shown in Fig. 6(b). In this game, the movement of the virtual
airplane is controlled by the trainee’s attention level, and a
real-time attention level is fed back to the trainee in both visual
and auditory forms.

More specifically, the real-time bioelectrical signals of the
trainee are first collected by the proposed wearable 10T devices
and processed by WPD. The CNN model running on the
Al accelerator is then used to classify the processed signals,
and the classification result is sent to the smartphone via the
Bluetooth module and displayed in real-time in the upper right
corner of the screen. The flight altitude of the virtual aircraft
is determined by the attention level, and the higher the level,
the higher the flight altitude. When the trainee remains in the
LA state, the virtual airplane will gradually fall, and a red
warning will appear on the screen and fast-paced background
music will be played to remind the trainee to stay focused.
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Furthermore, the AEPS circuit and the vibration motor can be
applied to stimulate trainees once they are at an extremely low
level of attention for a long time. As the trainee’s attention
gradually increases, the background of the screen will turn
blue (i.e., MA level) or green (i.e., HA level), accompanied
by the slow-paced light music. In this way, the changes in
different attention levels can be transformed in real-time into
changes in the game scene. The trainee needs to constantly
adjust attention level during the training process to ensure the
virtual aircraft can reach the finish line smoothly.

F. Attention Training Experiment Method

1) Experimental Purpose and Grouping: This single-blind
controlled experiment is designed to verify the effectiveness
of the proposed portable NFT system. To eliminate the impact
of the placebo effect, the following three groups were set up.

1) The NFT group used the proposed portable NFT system
to train attention.

2) The serious game training (SGT) group used serious
games without the neurofeedback mechanism to train
attention. All serious games were selected from a brain-
training app called Lumosity, which is widely applied
to improve cognitive functions such as attention and
memory [46], [47].

3) The blank control group did not conduct any training.

2) Participants: To ensure the rationality of the experi-
mental samples, all candidate subjects were undergraduate
students from the same university. The selection criteria for
the subjects in this experiment are consistent with those
of the signal acquisition experiment. After screening, 18
eligible college students aged 20 to 22 participated in this
experiment (male: 11, female: 7, age: 21.33 £ 0.69). Before
the experiment, all subjects were informed of the usage of
the experimental devices and signed informed consent forms.
They were randomly assigned to the NFT group (male: 5,
female: 1, age: 21.50 £ 0.55), the SGT group (male: 4, female:
2, age: 21.17 £ 0.75), and the blank control group (male: 2,
female: 4, age: 21.33 % 0.82). And the subjects in each group
were unaware of the training methods of other groups and the
grouping situation.

3) Evaluation Method: integrated visual and auditory con-
tinuous performance test (IVA-CPT) is a neuropsychological
evaluation method widely used to assess attention and
inhibitory control [48], [49], [50]. Before the test, the subject
sat 15 to 24 inches away from the computer screen and gripped
the mouse in a comfortable position. During the test, the
subject was instructed to click the mouse when they saw or
heard a “1” (target) and not click the mouse when they saw or
heard a “2” (error). The reaction time and number of incorrect
responses of the subject will be recorded, and these raw data
will be converted into standard quotients (the mean value is
100, with a standard deviation of 15) based on a normative
database [51]. In this article, the full-scale attention quotient
(FSAQ) is adopted to assess the attention level of the subject
(its value is positively correlated with attention level).

In addition, NFT mainly improves attention by regulating
brain activity. And the EEG indicator TBR has been proven to
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be negatively correlated with attention level [26], [52], [53].
Thus, TBR is used to evaluate changes in the attention-related
brain activity of subjects during the experiment. To reduce the
error caused by EEG signals fluctuations, at the end of training,
the 5-min EEG signal of the subject was first collected, and
then the signal was evenly divided into five segments and the
TBR of each segment was calculated. Finally, the average of
these TBRs was calculated as the current TBR of the subject,
denoted as TBR.y;. The calculation method for TBR has been
provided in Section II-C. Due to the significant differences
in TBR among different subjects [26], the rate of change of
TBR¢, relative to baseline was adopted to reflect the changes
in TBRs of the subjects, as defined in

TBRcr = (TBRcur - TBRbaseline) / TBRbaseline- (6)

To ensure the reliability of the experimental results, we
measured the test-retest reliability of the two attention evalua-
tion methods mentioned above. Specifically, the subjects were
first subjected to an IVA-CPT and EEG assessment, and their
FSAQs and TBRs were recorded. After a 7-day interval, the
same evaluation methods were used to assess the same group
of subjects, and their FSAQs and TBRs were recorded. Then,
the Pearson correlation coefficient (PCC) between the two sets
of evaluation results was calculated to assess their correlation.
The closer the absolute value of PCC is to 1, the stronger
the correlation. After calculation, the PCC between the two
sets of FSAQs is 0.97 (p < 0.05), and the PCC between the
two sets of TBRs is 0.92 (p < 0.05). Therefore, both attention
evaluation methods have good reliability and stability.

4) Experimental Procedure: At the beginning of the exper-
iment, all subjects underwent an IVA-CPT, and the FSAQs
in the test results were recorded as the baseline. The TBRs
of subjects in the NFT and SGT groups were recorded as
TBRypaseline- During the experiment, the NFT and SGT groups
were required to complete two training sessions per week, each
lasting 30 min. After each training session, their FASQs and
TBR., were recorded. The blank control group maintained a
normal daily routine, and their FASQs need to be recorded
twice a week. The experiment lasted for three weeks, and all
subjects successfully completed the experiments.

5) Statistical Method: One-way ANOVAs were conducted
on the FSAQs of each group of subjects after each training
to evaluate whether there were significant differences in
their FSAQs. If present (p<0.05), Bonferroni method will be
further used for post hoc multiple comparisons to evaluate the
significance of differences in FSAQs between groups.

ITI. RESULTS AND DISCUSSION
A. SNR Comparison Results

The time-domain waveforms and spectra of eye blink
signals collected using our signal acquisition equipment and
OpenBCI board are presented in Fig. 7. In the figure, SNR(L)
and SNR(H) represent the SNR of the low-frequency and
high-frequency parts of the blink signal, respectively. The
calculation results of SNR indicate that the signal collected
using the OpenBCI board has significant low-frequency noise,
with the amplitude of the noise close to that of the blink signal,
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Fig. 8. Delta, theta, alpha, beta, and gamma waves extracted from the raw EEG signal by WPD processing.

while the low-frequency noise in the signal collected using our
equipment is relatively smaller. Furthermore, both devices can
effectively suppress high-frequency noise in the signal, and
our equipment has a better suppression effect.

Overall, in comparison with the commercial bioelectric
signal acquisition equipment, the signal collected using our
equipment shows a higher SNR, further demonstrating the
effectiveness of our signal acquisition equipment.

B. Data Preprocessing Results

Delta, theta, alpha, beta, and gamma waves can be extracted
from the raw EEG signals by WPD processing, as shown in
Fig. 8. Furthermore, a 10-s raw ECG signal is collected for
testing, as shown in Fig. 9. It is clear that there is an obvious

random drift in the raw ECG signal. After WPD processing,
the baseline drift can be largely removed, as shown in Fig. 9.
Therefore, the data preprocessing method is effective.

C. Model Classification Results

The accuracy and loss curves of model training and vali-
dation are shown in Fig. 10. The performance comparison of
the multimodal signal and the single-modal signal is shown
in Table III. These results show that the performance of the
multimodal signal is superior to those of two types of single-
mode signals, and the precision, recall, F1-score, and accuracy
are all larger than 95.7%. It demonstrates that the use of
the multimodal signal can effectively improve the recognition
accuracy of attention level. In other words, it is feasible to
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TABLE III

PERFORMANCE COMPARISON OF THE MULTIMODAL SIGNAL AND THE
SINGLE-MODAL SIGNAL

Signal PR RE F1-score ACC

EEG 89.11% 89.37% 89.24% 89.35%

ECG 75.37% 75.32% 75.34% 75.24%
EEG + ECG 95.77% 95.91% 95.84% 95.81%

use the ECG signal as a supplement to the single- channel
EEG signal to improve the performance of the proposed NFT
system.

D. Hardware Acceleration Results

The proposed high-performance CNN accelerator is fully
implemented in Chisel3, and is evaluated as an System-on-
Chip (SoC) design on Xilinx KUSP FPGA with a microblaze
core. We fully synthesize, place and route it on Vivado 2021.1
and Vitis 2021.1, and the performance results are acquired
by real runs on the FPGA. The FPGA device and layout

for fulfilling the proposed CNN accelerator are shown in
Fig. 11. After placement and routing, our design consists of
73630 LUTs, 32279 FFs, and 360 block RAMs, 160 DSP,
operating at a frequency of 68 MHz with a power of 979 mW.
The operating frequency is not pushed further yet to keep a
balance between power and performance. On the real runs
on the KUSP board, one inference only consumes 15.18 ms,
while running the same workload on a 300 MHz MicroBlaze
core takes 4.09 s, which clearly does not meet real-time
requirements. Thus, the proposed FPGA prototype shows a
significant 269x speedup compared to the embedded core.
When compared to a high-performance AMD CPU (Ryzen 5
5600G core at 4 GHz), our accelerator still shows a 7.48x
speedup. To make a fair performance comparison with related
hardware designs, our accelerator is also synthesized with
Design Compiler 2020 in the 28 nm technology node provided
by TSMC.

Table IV shows the comparison results of our accelerator
and state-of-the-art EEG-related accelerator ASIC designs.
When the operating frequency of the proposed accelerator is
pushed to 250 MHz in the ASIC design, the inference time
decreases to 4.13 ms and the power increases to 157.36 mW.
While our design achieves comparable frequency, area, and
power efficiency, our inference latency is higher. This disparity
arises because prior works target significantly smaller neural
network models tailored for emotion recognition, resulting
in orders-of-magnitude fewer operations and lower SRAM
requirements. However, such compact models fall short in our
application context, where high inference accuracy is critical,
making their model architectures inadequate. Therefore, it is
reasonable for our accelerator to have a slightly larger area
and power consumption. Notably, our design supports 32-bit
floating-point computation, enabling high numerical precision
and broad applicability across complex DL workloads.

E. Attention Training Results

The variation curve of the average FSAQ of each group
is shown in Fig. 12. The results of the one-way ANOVAs
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Fig. 11. (a) FPGA device for fulfilling the proposed CNN accelerator.
(b) Layout for the proposed CNN accelerator.

TABLE IV
COMPARISON OF DIFFERENT HARDWARE ACCELERATOR DESIGNS

SPEC [54] [55] [63] [56] v%g{
Model HDC LRCN CNN HDC CNN
Technology node 28 nm 16 nm 28 nm 16 nm 28 nm
Area (mm?) 0.093 1.288 NA 0.596 1.388
Power (mW) 35.54 48.24 29.5 67.98 157.36
Frequency (MHz) 455 125 70 500 250
Inference time 1 us 1.9us 0.284ms  628ns 4.13ms

and post hoc multiple comparisons are shown in Table V.
The statistical results indicate that there is no significant
difference in baseline FSAQs among the three groups (p >
0.05), proving that the baseline of the experiment is fair. After
the experiment, the FSAQs of the NFT group are significantly
higher than those of the other two groups (p < 0.05), and
the FSAQs of the SGT group are significantly higher than
those of the blank control group (p < 0.05). In addition, the
average FSAQ of the NFT group increased by 14.50 compared
to baseline FSAQ, while the average FSAQ of the SGT group
only increased by 5.84 compared to baseline FSAQ. The
above results indicate that both the proposed NFT system
and serious games without the neurofeedback mechanism can
effectively improve attention, and the former has a better effect
than the latter. This further proves that the neurofeedback
mechanism plays an important role in improving attention. It
is worth noting that the FSAQs of the NFT group begin to
be significantly higher than those of the blank control group
after the second training, while the FSAQs of the SGT group
begin to be significantly higher than those of the blank control
group after the fifth training, which proves that the proposed
NFT system takes effect faster than serious games without the
neurofeedback mechanism.

As for the changes in attention-related brain activity of
the subjects, the TBR., of the NFT group and SGT group
during the training process is shown in Table VI. It can be
observed that 5/6 of the subjects in the NFT group have a
significant decrease in TBR compared to baseline, with an
average decrease of 21.85%, while only half of the subjects in
the SGT group have a significant decrease in TBR compared
to baseline, with an average decrease of 17.14%. To sum up,
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the training effect of NFT group is the best, indicating that
the proposed NFT system for attention improvement based on
high-performance edge CNN accelerator is effective.

F. Discussion on Equipment Safety Compliance

Safety compliance is a necessary consideration for medical
devices. The security compliance of the proposed NFT system
can be discussed from the following two aspects.

In terms of hardware, first, the hardware devices used
in the system are powered by built-in batteries with low
operating voltage, so they are safe for the human body
and there is no hidden danger of lightning surge. Second,
electrostatic protection was applied to the circuit to eliminate
the risk of electro-static discharge (ESD). Third, optocoupler
isolation was applied to the equipment to suppress electro-
magnetic interference, which can improve the reliability of
data transmission. Fourth, the PCB is placed inside a shielding
shell, which can effectively reduce radiation. Furthermore,
the material of the electrodes has good biocompatibility, and
the devices used to fix the electrodes are made of flexible
materials, so long-term wearing will not cause discomfort or
skin damage. In terms of software, the virtual objects in the
serious game we design are completely controlled by the user’s
attention level, which is different from traditional video games
and therefore not easily addictive to users.

G. Discussion on Clinical Application and Implication

In general, the main audience for neurofeedback inter-
vention is the healthy population and ADHD patients. As
far as our study is concerned, the recruited subjects are all
healthy young individuals. The results of the clinical controlled
trial have preliminarily demonstrated that the proposed NFT
system is effective in improving the attention of healthy
adult populations. Therefore, in clinical practice, the proposed
NFT system can be directly applied to train the attention of
healthy young people. When facing patients with attention
deficit problems, it is necessary to collect their EEG and
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TABLE V
RESULTS OF THE ONE-WAY ANOVAS AND POST HOC MULTIPLE COMPARISONS
Mean and standard deviation of FSAQ One-way ANOVA P-value of post hoc multiple comparison
Times NFT group (I) SGT group (II) Blank control group (III) F P-value ITvsIl TvsIII s III
baseline 94.67+2.07 95.33+3.50 94.16 £4.17 0.182 0.835 / / /
1 95.17 +£2.48 96.00 +3.10 94.00 +£3.79 0.602 0.560 / / /
2 99.83 + 1.94 96.17 +£2.48 94.67+3.14 6.423 0.010 0.078 0.010 0.984
3 104.17 £1.83 95.83+2.79 95.17+4.67 13.759 <0.001 0.002 0.001 1.000
4 106.50 £ 1.64 98.83+£3.76 94.50 +3.51 22.789 <0.001 0.002 <0.001 0.088
5 109.50 +3.27 101.00 +£2.45 94.67 +£4.18 29.185 <0.001 0.002 <0.001 0.016
6 109.17 £ 3.54 101.17 £2.14 95.67+3.98 25.136 <0.001 0.002 <0.001 0.035
TABLE VI
TBR., OF THE NFT GROUP AND SGT GROUP DURING THE TRAINING PROCESS
TBR.: of the NFT group TBR.: of the SGT group
Times Subject]  Subject2  Subject3  Subjectd  SubjectS  Subject6  Subject7?  Subject8  Subject9  Subjectl0  Subjectll  Subjectl2
baseline 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
1 -3.46% 1.41% -17.10%  -3.60% 33.27%  -14.01%  -20.02%  33.05% 0.04% 27.40% -14.16% 33.06%
2 -6.89%  -21.27%  -21.10%  -5.12% 39.19%  -10.99% -1.90% 13.11% 57.03% -33.25% -21.01% 30.31%
3 -11.13%  -33.26%  -23.46%  -7.33%  -78.21% 2.73% -23.81%  11.17% -1.46% -13.29% -38.61% 21.17%
4 -15.70%  -25.11%  -11.09%  -18.19% 2.47% -12.80%  -41.09%  -0.80% 27.81% -11.08% -22.29% -37.99%
5 -9.56%  -27.23%  -30.47% -10.18%  83.16%  -16.19% -3.46% 10.16%  -34.90% -1.26% 1.96% -3.40%
6 -10.73%  -34.15%  -31.89%  -10.78%  23.35%  -21.72%  -3137%  12.31% -7.69% 1.01% 5.79% -12.35%

ECG data to retrain the classification model to ensure its
performance, considering that the physiological data character-
istics of patients may differ from those of healthy individuals.
When facing ADHD patients with more severe conditions,
neurofeedback intervention alone may have little effect and
requires combined intervention with medication. As for the
intervention plan, it varies for different target groups. For
healthy population, typically 4-5 training sessions per week
are sufficient. For ADHD patients, appropriate intervention
plans should be developed based on the severity of symptoms,
and typically 8-10 training sessions per week are necessary. It
should be emphasized that the intervention plan needs to be
adjusted accordingly based on the improvement of the patient’s
Ssymptoms.

The most prominent potential benefits of the proposed NFT
system are security and portability, as it has almost no potential
side effects and is more convenient to use. Furthermore, as
attention deficit problems are more common in children and
adolescents, design based on the serious game is more in
line with their interests and can improve their motivation
for training. As for the limitations, the main problem with
current neurofeedback intervention methods in clinical practice
is the poor treatment effect on patients with severe ADHD
symptoms. The main intervention method for such patients
is medication, and neurofeedback intervention can generally
only be used as an auxiliary means. Our method also failed
to break through this limitation. In addition, ADHD patients

(especially ADHD children) often exhibit excessive hyperac-
tivity symptoms, which may cause signal acquisition devices
to detach or electrodes to loosen. Therefore, interventions
for such patients generally need to be completed with the
accompaniment of a doctor or guardian.

IV. CONCLUSION

Attention training is meaningful and valuable for our daily
learning and work. NFT is an effective and safe method
for improving the attention level. To address some of the
limitations of current NFT technique, a portable NFT system
based on flexible IoT devices and an edge CNN accelerator
is proposed in this article. More specifically, a multimodal
bioelectrical signal containing single-channel EEG and ECG
signals is used to train a lightweight CNN model, enabling
it to accurately detect the subject’s attention level during
the NFT process. In order to achieve portability, a high-
performance CNN accelerator is designed to run the CNN
model. Then, a serious game is developed as a training tool. It
can provide real-time attention feedback to subjects in visual
and auditory forms to achieve closed-loop regulation of their
attention levels. Finally, a single-blind controlled experiment
is conducted to verify the effectiveness of the proposed
system. The FSAQ of IVA-CPT and the attention-related EEG
indicator TBR are adopted to evaluate the attention levels of
the subjects. The experimental results show that the CNN
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model can achieve an average recognition accuracy of 95.81%.
And the average FSAQ of subjects trained with the NFT
system increased by 14.50, and the average TBR decreased
by 21.85%.

In summary, the proposed NFT system is very effective in
improving attention and has the advantages of convenience
and portability. Nevertheless, there are still some limitations
to our work. First, the sample size for training and testing
the CNN model is very limited. In the future, more samples
containing a wider population will be used to train and test
the model to further improve its accuracy and generalization
ability. Second, the sample size for validating the proposed
system is also limited. In the future, its effectiveness will
be validated in a more diverse population, such as children
and ADHD patients. Third, the attention of subjects receiving
neurofeedback intervention has not been evaluated in the long
term. For a clinical intervention system used for attention train-
ing, the lasting effect of training is a necessary consideration
factor. However, attention is easily distracted. Factors such as
environmental noise, excessive stress, fatigue, lack of sleep,
and emotional problems can all cause attention fluctuations.
These unpredictable and uncontrollable factors can affect the
objectivity of assessing the lasting effects of NFT and make
it difficult to maintain long-term improvements in attention.
Therefore, we provide the following solution for follow-up
studies reference.

Consider developing an app for monitoring attention, which
includes a complete attention assessment methodology system,
such as the IVA-CPT and TBR assessment used in this article.
In this way, it is convenient to monitor users’ attention levels
for a long time. Once the user’s attention level decreases or
they find it difficult to concentrate during daily learning or
work, timely NFT can be conducted.

Data Availability Statement:

The hardware data manuals, detailed code for signal pre-
processing algorithms and CNN model, and engineering files
for the designed CNN accelerator are publicly available at the
link: https://github.com/hy509/A-Portable-NFT-System

Ethical Statement:
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All subjects have signed informed consent forms. The authors
promise to protect any physiological data related to the
personal privacy of the subjects generated in this research. This
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of Guangdong University of Technology, with ethics approval
number GDUTXS20250044.
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