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A B S T R A C T

Electroencephalography (EEG) is a powerful, noninvasive tool that provides a high temporal resolution to di-
rectly reflect brain activities. Conventional electrodes require skin preparation and the use of conductive gels,
while subjects must wear uncomfortable EEG hats. These procedures usually create a challenge for subjects. In
the present study, we propose a portable EEG signal acquisition system. This study consists of two main parts: 1)
A novel, portable dry-electrode and wireless brain–computer interface is designed. The EEG signal acquisition
board is based on 24 bit, analog-to-digital converters chip and wireless microprocessor unit. The wireless por-
table brain computer interface device acquires an EEG signal comfortably, and the EEG signals are transmitted to
a personal computer via Bluetooth. 2) A convolutional neural network (CNN) classification algorithm is im-
plemented to classify the motor imagery (MI) experiment using novel feature 3-dimension input. The time
dimension was reshaped to represent the first and second dimension, and the frequency band was used as the
third dimension. Specifically, frequency domain representations of EEG signals obtained via wavelet package
decomposition (WPD) are obtained to train CNN. The classification performance in terms of the value of kappa is
0.564 for the proposed method. The t-test results show that the performance improvement of CNN over other
selected state-of-the-art methods is statistically significant. Our results show that the proposed design is reliable
in measuring EEG signals, and the 3D CNN provides better classification performance than other method for MI
experiments.

1. Introduction

Human–computer interfaces (HCIs) based on bioelectrical signals
have received increasing attention over the last decade [1]. Common
types of HCI bio-signals include electromyography, electro-
encephalography (EEG), electrooculography, and functional near-in-
frared spectroscopy [2]. EEG is one of the most common techniques.
EEG is a method for measuring the electrical activity of the brain using
electrodes placed on the scalp [3–5]. EEG is a noninvasive tool that can
provide high temporal resolution to directly represent the dynamics of
brain activities. EEG has been widely used for both medical diagnoses
and neurobiological research. Recent research has opened up the pos-
sibility for its use in novel brain–computer interfaces (BCIs) focused on
enhancing the performance of healthy users.

Traditionally data collection for EEG based BCIs uses wet Ag/AgCl
electrodes that are uncomfortable and require considerable time to
apply [6]. To improve the performance of conventional Ag/AgCl elec-
trodes, gel-less electrodes has been designed. Gel-less electrodes include

micro-needle, tips, spring pin, and soft conductive polymer. The most
common candidate used for these needle array electrodes has been
micromachined silicon needles, fabricated through wet-chemical
etching methods and then coated with a biocompatible conducting
coating. a micro-electro-mechanical system (MEMS) has been used with
dry MEMS electrodes to measure EEG signals [7]. This dry electrode is
designed to pierce the stratum corneum into the electrically conducting
tissue layer stratum germinativum. Radhakrishnan has designed a
needle array dry electrode, which has a 10*10 array of stainless steel
microtips assembled over a Teflon base of 1 cm diameter [8]. MEMS
electrodes can acquire EEG signals without conductive gels, but MEMS
electrodes can't penetrate hair [9,10]. In addition to the needle elec-
trode, noncontact capacitive electrodes can be used [11,12]. However,
noncontact capacitive electrodes are affected by motion artifacts. other
kind of dry electrode is made of conductive rubber [13,14], metal (just
like iridium-oxide [15] or silver [16]) and polyurethanes(TPU) [17,18].
Some designe have been applied to brain computer interface. We think
that the use of a metal dry electrode is also a good method.
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In the classification part, many traditional classifiers like support
vector machine (SVM), linear discriminant analysis (LDA) [19], and k-
nearest neighbor (k-NN) [20] that have been employed in research and
pattern recognition techniques are utilized for EEG signal detection.
Common spatial patterns (CSPs) are widely used in motor imagery (MI)
tasks [21]. Other methods, like independent component analysis and
principal component analysis (PCA) have been used to improve classi-
fication accuracy [19]. In recent years, many machine learning re-
searchers have focused on deep neural networks, which have been
improved with backpropagation neural networks, including deep belief
networks (DBNs), restricted Boltzmann machines (RBMs), auto-
encoders, convolutional neural networks (CNNs), and recurrent neural
networks [22-27.].

CNN is artificial neural networks that can learn local patterns in
data by using convolutions as their key component. CNN vary in the
number of convolutional layers, ranging from convolutional layer such
as in a successful handwritten recognition CNN [28] over deep CNN
with multiple convolutional layers (5 convolutional layers and 3 full
connection layers) [29] to very deep architectures with more than 1000
layers as in the case of the recently developed residual networks [30].
Now CNNs are also used in MI classification research [2]. Some re-
search uses different methods to convert the EEG signal to an image
representation before applying the CNN. In a report, Pouya et al. pro-
posed a novel approach to learning such representations for a multi-
channel EEG time series, and demonstrated its advantages in the con-
text of a mental load classification task [31]. EEG activities were
transformed into a sequence of topology-preserving multi-spectral
images. In another report, Yang et al. proposed a frequency com-
plementary feature map selection scheme by constraining the de-
pendency between frequency bands [32]. Augmented common spatial
pattern (ACSP) features were generated based on pair-wise projection
matrices, which covered various frequency ranges. In some studies, the
input form of CNN has 2-dimension, time dimension was first dimen-
sion, and the channel was second dimension [33–38]. Other studies
used 2-dimension input form, but frequency was first dimension, and
time was second dimension by Short Time Fourier Transform [39,40].

In this study, we design a wireless, portable EEG system based on
dry EEG sensors, with an embedded system that prevents channel
connection and fixation. We proposed a system with a small size of
3*4 cm, which was attached to headphones. Traditional BCI systems
require the use of an EEG cap, however, the cap is uncomfortable. Thus,
a headphone EEG was considered in the design of the proposed system.
The subjects felt more comfortable with the headphones than with the
EEG cap. We present a novel CNN to classify MI. we propose a new
feature structure. The signal was reshaped to a 3-dimension matrix, the
time dimension was reshaped to represent the first and second dimen-
sion, and the frequency band was used as the third dimension. The
proposed method has achieved good performance on the motor ima-
gery, and significantly increase the average accuracy.

The structure of this paper is as follows: Section 2 introduces the
portable EEG acquisition system. Section 3 introduces the experimental
methods and design. Signal processing and classification are discussed
in Section 4. Section 5 describes the results of three experiments. Fi-
nally, Section 6 discusses and concludes the current work.

2. System architecture

2.1. Wireless acquisition system

Fig. 1 shows the wireless EEG acquisition system. The system was
used to acquire EEG signals from dry sensors, and includes an Analog to
Digital Converter (ADC) component, and a wireless microprocessor
component.

The ADC used was an ADS1298 model (Texas Instruments), which is
a family of multichannel, simultaneous sampling, 24 bit, analog-to-di-
gital converters with built-in programmable gain amplifiers. The

ADS19298 Delta–Sigma ADC is a device for biopotential measurements
and medical instrumentation with eight low-noise, programmable gain
amplifiers and high 24 bit resolution. Each channel has 0.75mW
power. The ADS1298 has a resolution of approximately 0.5 μV while
the alpha (8–15 Hz) and beta (16–31 Hz) waves of an EEG have am-
plitudes of 1–50 μV. The device has self-test, temperature, and leadoff
detection mechanisms. The max sample rate is 32 kSPS, the SNR is 112
DB, the common-mode rejection ratio (CMRR) is−115 dB, and the max
programmable gain is 12.

The wireless microprocessor component used was the Nordic
nRF51822, a highly flexible multi-protocol SOC for near-field commu-
nication that allows for the usage of multiple communication protocols
on the same SOC. Implementation of such a highly flexible architecture
allows system to be built by varying the combination of components
themselves or by changing the configuration of existing components.
The microprocessor transfers data to a host device (PC). The ADC are
connected to the nRF51822 using a standard serial peripheral interface
(SPI).

The proposed dry EEG sensors were in direct contact with the scalp
surface with probes, as shown in Fig. 2. Each probe consisted of a head,
spring, and sleeve. The probe head was copper, and its surface was
gold-plated (Au). Au has excellent biocompatibility and does not pro-
duce adverse effects on human skin. To collect effective EEG signals
over hair, the probe heads should be designed like a comb, and the hair
should be able to pass between the probes without becoming trapped
underneath and thereby preventing electrical contact with the scalp.
The probe head was less than 0.7mm in diameter, so the probes did not
penetrate the skin. The probe was embedded into a sleeve made of
copper (Cu); each sleeve was connected to a spring. This mechanism
was designed to allow a feedback force of 10 g to act as a buffer for the
probe when a force was applied to the dry sensors. The spring force
must be large enough to ensure that the sensor attaches to the scalp
surface and maintains the proper sensor–skin contact impedance
quality, but the spring force must be small enough to ensure that the
head does not penetrate the skin. Three probes were inserted into the
PCB plate that served as a flexible plastic substrate for the sensor. After
insertion, all the probes were connected together. When a force was
applied to the sensor, the head of the sensor fit the scalp well. The
spring contact probe and plastic substrate provided buffering, and the
sensor could attach to the scalp well without pain. The plastic sub-
strates were made with a 3D printer.

3. Methods

3.1. Subject

Seven able-bodied subjects (all subjects were male; mean age was
26.2 yrs) participated in the data acquisition. Two subjects had ex-
perience with EEG, and the other five subjects had no experience with
EEG. All subjects signed the consent form approved by the Academic
Ethics Committee of Southeast University before the experiments
began. All subjects were university-educated and non-smoking, with no
history of brain injuries or neurological disorders. Instructions for off-
line and online feedback experiments were carefully explained and il-
lustrated, and the first subjects were allowed some practice. During the
experiments, subjects sat motionless in a comfortable chair and rested
their hands on a desktop.

3.2. Acquisition setup

In the experiments, two sensors were placed at industry standard
points C3 and C4 (for MI) or O1 and O2 (for visual alpha wave mea-
surement). An illustration of these points is given in Fig. 3. The left
earlobe is a reference point, and the right earlobe is a ground point. All
systems were fixed to a headphone; Fig. 3 shows our easy-to-wear
headphone EEG acquisition system (see Fig. 3).

Y. Zhang, et al. Computers in Biology and Medicine 107 (2019) 248–256

249



Placement: For MI experiment, first we need to find the location of
CZ, one line was from nose to external occipital protuberance, another
line was between ears (or more accurately, the concave in front of the
ear), the cross point was CZ. The C3 and C4 is found halfway between
CZ and ears. For alpha wave experiment, we know that alpha wave
usually occupies the occipital electrodes. So we just put the electrodes
in the occiput [41]. About gravity: the headphone is very light, and The
headphone firmly clips the head.

3.3. Experimental protocol

3.3.1. Alpha wave experiment
A common technique for EEG recording system validation is the

analysis of alpha waves [41]. Alpha waves were detected in the occi-
pital lobe area (O1 and O2) when the subject was asked to close their
eyes. We used two devices for data acquisition: one was an EEG ac-
quisition system of our own design, and the other was the SynAmps2
system (Neuroscan Co., Ltd). The subject was asked to close their eyes
for 20 s.

3.3.2. MI experiment
The MI experiment consisted of 10 runs of 40 trials each. All runs

finished on the same day, with breaks of several minutes between runs.
400 trials of 9 s duration were run. The first 2 s were quiet, and then at
t= 2 s an acoustic stimulus indicated the beginning of the trial. At
t= 3 s, an arrow (left or right) was displayed as a cue. At the same time,
the subject was asked to imagine left- or right-hand movements. Fig. 4
shows paradigm of MI experiments.

The feedback experiments were scheduled after a week of MI ex-
periments. In the feedback experiments, the process was the same as in
the MI experiments, but at t= 8 s, a result of CNN was shown on the
screen, and subjects were told whether their imagery was right or

Fig. 1. PCB design, top and bottom of the board (left); EEG system board component integration view (right).

Fig. 2. Probe head, spring, and sleeve (right); a schematic design of the EEG
sensor on the plastic substrate.

Fig. 3. 10–20 electrode system (left); EEG system fixed on a headphone (right).
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wrong. Four subjects (S1, S2, S3, and S6) participated in MI feedback
experiments.

3.4. Signal preprocessing

All data processing was performed within MATLAB. In the begin-
ning, we used an infinite impulse response (IIR) filter to remove noise.
The band-pass frequency was from 0.5 to 100 Hz. Then the EEG signals
were passed through a notch filter at 50 Hz. The subsequent step was
feature extraction.

3.5. Feature extraction

The EEG signal contains information about various processes taking
place in the brain, hence, it was essential to extract the EEG feature that
was representative of MI alone. The feature of the EEG signal was ex-
tracted from the raw EEG. There have been further attempts to analyze
EEG signals by investigating the different frequency band components
separately, such as alpha (8–12 Hz) and beta (18–26 Hz) rhythms. The
oscillatory power of the alpha rhythm in the sensorimotor cortex ipsi-
lateral to the imagined tasks increased, while that of the beta rhythm in
the contralateral sensorimotor cortex decreased simultaneously. In this
study, we used wavelet packets to decompose the EEG signals. Wavelet
packet decomposition has multi-resolution capability, which is appro-
priate for non-stationary EEG signals [42]. A seven-layer decomposition
of the wavelet was implemented to extract the raw EEG signals
(4–6 Hz), (6–8 Hz) … …(36–38 Hz), (38–40 Hz). The decomposition
space tree and frequency ranges are shown in Fig. 5. The alpha rhythms
consist of (8–10 Hz) and (10–12 Hz) bands, and beta rhythms consist of
(18–20), (20–22), (22–24), and (24–26) bands. For the time of the
feature, we cut the data to 0.5–4.5 s per trial. There were 1024 sample
points per trial, at a sampling rate of 256 points per second. The sample
points be transformed to 32*32. as shown in Fig. 5, so we obtained new
data form. This data was a feature of the EEG.

3.6. Feature selection

The feature selection step can be applied after the feature extraction
step to select a subset of features for the various potential benefits.
Among the various features that one may extract from the EEG signals
(feature extraction), some features may not be relatable to mental states
through the BCI. The number of parameters that the classifier must
optimize is positively correlated with the number of features. Reducing
the number of features gives fewer parameters that must be optimized
by the classifier. From the knowledge extraction perspective, if only a
few features are selected and ranked, it is easier to observe which
features are actually related to the targeted mental states. A model with
fewer features can produce faster predictions for a new sample.

It has been shown that the energy in the alpha band observed in the
motor cortex of the brain decreases when an MI task is performed. This
decrease is called event-related desynchronization (ERD). An MI task
also causes an energy increase in the beta band, which is called event-
related synchronization (ERS). Left- and right-hand movement MI tasks
are said to cause ERD and ERS, respectively, in the right and left sides of
the motor cortex, affecting the EEG signals at the C3 and C4 electrodes
[43]. In this paper, we selected alpha rhythms (8–12 Hz) and beta

rhythms (18–26 Hz) as the frequency band [44,45].

3.7. Classification

The objective of BCI classification is to categorize according to SVM
or k-NN, which are some of the common classifiers used for BCI re-
search. In this paper, we use CNN classifiers [29].

CNN: Here we introduce a network—a compact CNN architecture
for EEG-based BCIs. The network model can be found in Fig. 6 and
Table 1. We have C channels and T time samples; C is 6 and T is 1024.
We fit the model using the Adam optimizer, while minimizing the cross-
entropy loss function. We ran 500 training iterations with validation
stopping. All data were trained using an Nvidia GTX1060 GPU with
CUDA9 in PyTorch.

This network has five layers, not including the input and output
layers. The input is a 6@32*32 date (alpha rhythms is 2 and beta
rhythms is 4), similar to a pixel image. In the following, we describe the
details of each layer.

Layer L1 is a convolutional layer with 16 feature maps. Each filter is
of 5*5 size. The activation function selected is a rectified linear unit
(ReLU) function. The ReLU is approximated by a softplus function,
defined as

= ∗ +a W X bT (1)

=a max aϜ( ) (0, ) (2)

where x is the input, W is the weight matrix, and b is the bias value.
Layer L2 is a subsampling layer that uses max pooling with 16

feature maps of size 12*12. Max pooling is a sample-based discretiza-
tion process. The objective is to down-sample an input representation
(image, hidden-layer output matrix, etc.), reducing its dimension and
allowing assumptions to be made about features contained in the
binned sub-regions. The feature maps in L2 have half the number of
rows and columns of L1.

Layer L3 is a convolutional layer with 32 feature maps. Each filter is
of 5*5 size. The output function is a ReLU function, as in L1.

Layer L4 is a subsampling layer with 32 feature maps of size 8*8.
Layer L5 is a convolutional layer with 64 feature maps. Each filter is

of 8*8 size. The output function is a ReLU function, as in L1.
Output: In the output layer, the features are passed directly to a

softmax classifier. We used the dropout technique. We set the dropout
probability to 50% to reduce overfitting.

Comparison with state-of-the-art methods: To evaluate the per-
formance of 3D(3-dimension) CNN, comparison experiments have been
conducted for CNN and other state-of-the-art methods, including deep
belief networks (DBN) [27] and 2D(2-dimension) CNN [37]. The tra-
ditional methods in BCI, k-NN [46] and SVM [47], have been compared
too.

4. Results

4.1. Alpha wave experiment

The Fourier transform of two signals was computed to obtain the
power of the different frequencies, as shown in Fig. 7. The left signal is
from electrode O1, and the right from O2. The blue line is acquired by
Neuroscan; the red line is acquired by our devices. During the eyes-
closed interval, increased activity in the 8.5–10 Hz region of the fre-
quency domain indicated an alpha wave signal in the occipital lobe area
[48].

4.2. MI experiment

The classifiers were trained and tested for each subject. The per-
formance of the proposed method was evaluated using accuracy and
mean kappa value. A total of 80% of trials were randomly selected for

Fig. 4. Paradigm of MI experiments.
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the training, and 20% were selected for the testing set of each subject.
We used ten-fold cross-validation for performance evaluation. We used
the features and network described in Section 4. The network was
trained by the batch normalization method [49,50]. Batch normal-
ization was defined as

∑=
=

m
xμ 1 batch mean

i

m

i
1 (3)

∑= −
=

σ
m

x μ1 ( ) batch variance
i

m

i
2
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x μ
σ ε
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The accuracy results of the network methods are presented in
Table 2 and Fig. 8. The average performance of each method over the
subjects is also reported. We compared the performance of the SVM,k-
NN, DBN and 2D CNN with the performance of 3D CNN for the same
features. From these results, it can be clearly seen that the 3D CNN
method is superior to the other methods for all subjects without S3 and
S4. The average accuracy results of the 3D CNN methods were better
than the other for the same features. moreover, for verify whether the
performance difference between the proposed 3D CNN method and
other methods is statistically significant, paired t-test has been

Fig. 5. Wavelet packet decomposition for EEG (top); reshape input feature (bottom).

Fig. 6. Proposed convolutional neural network model.
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conducted between the results of 3D CNN and other methods. The
obtained p-values are given in Table 3. It show that all the obtained p-
values are less than 0.05, which suggests that the performance im-
provement of 3D CNN over other methods is statistically significant (see
Table 3).

The kappa results of our method are compared to current state-of-
the-art studies in Table 4. Cohen's kappa coefficient (kappa) is a statistic
that measures inter-rater agreement on qualitative items. It is generally
thought to be a more robust measure than simple percentage agreement
calculation, as kappa takes into account the possibility of the agreement
occurring by chance. The definition of kappa is:

=
−

−

p p
p

K
1
o e

e (6)

where po is the relative observed agreement among raters (identical to
accuracy), and pe is the hypothetical probability of chance agreement
(0.5) using the observed data to calculate the probability that any ob-
server would randomly see each category. If the raters are in complete
agreement, then k=1. If there is no agreement among the raters other
than what would be expected by chance, then K=0. Table 3 shows that
the SVM and k-NN approaches obtain a lower kappa coefficient than the
CNN network approach. This means that the CNN method is more ro-
bust than other methods, and all results show that the CNN method
provides better performance with higher accuracy.

5. Discussion

In this study, we purposed a portable EEG BCI. We used spring pin
dry electrode, compared with micro-needle and soft conductive
polymer electrode, our electrode was prepared easily, and has lower
cost. The proposed dry electrodes could measure the EEG signals in
hairy site. By the design of the proposed eletrodes, it effectively im-
proves the convenience of use in daily life. Other studies have applied
different wireless communication protocols, as shown in Table 5. These
systems provide 16 channels or less, with typically less than 24-bit

resolution per channel and a sampling rate less than 1000 SPS. The
wireless modules used in these platforms communicates with Serial
UART or SPI. These system dimensions are 5*5 cm. We proposed a
system with a small size of 3*4 cm, which was attached to headphones.

Traditional BCI systems require the use of an EEG cap, however, the
cap is uncomfortable, and the procedures usually create trouble for
subjects. Thus, a headphone EEG was considered in the design of the
proposed system. The subjects felt more comfortable with the head-
phones than with the EEG cap.

Fig. 9shows the event-related spectral perturbation (ERSP) results
from the detection of MI on channels C3 and C4. ERSP is a 2D image of
the average changes in the spectral power (dB) from a baseline. Cal-
culating the ERSP typically requires computing the power spectrum
over a sliding latency window.

The ERSP images were plotted using the EEGLAB toolbox. All of the
no-green pixels of the ERSP images show significant (two-tailed per-
mutation test, P < 0.01) post-stimulus increases or decreases from the
spectral power compared with the pre-stimulus spectral power. The
results were obtained from subjects 1 and 6 of offline experiments.
Fig. 8 (a) shows that right-hand imagery tasks significantly decreased
the alpha band and beta band after the stimulus for subject 1. An

Table 1
Parameter of the CNN in each layer.

Layer Filter Size Output Activation Number of parameters

L1 Conv 16@5*5 16@32*32 ReLU (5*5 + 1)*16
L2 Sub-sample 2*2 16@16*16
L3 Conv 32@5*5 32@16*16 ReLU (5*5 + 1)*32
L4 Sub-sample 2*2 32@8*8
L5 Full Con and Conv Dropout-50% 64@8*8 32*8*8 (8*8*16 + 1)*64
L6 Output 2 Softmax

Fig. 7. Alpha wave detection from O1 and O2.

Table 2
Accuracy for 3D CNN and other methods.

Subjects Accuracy %

3D CNN k-NN SVM DBN 2D CNN

S1 81.7 67.5 80.2 80.6 79.3
S2 93.7 70.7 85.1 89.2 86.5
S3 82.5 76.6 76.5 82.6 76.5
S4 62.2 50.6 67.2 60.2 62.7
S5 74.3 70.6 71.8 73.2 72.1
S6 71.1 62.5 66.2 70.1 67.8
S7 82.1 63.2 77.5 79.8 80.1
Average 78.2 65.8 74.9 76.5 75.0
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increase in the power spectrum is shown by the ERS (red) 1000ms after
the stimulus in channel C3 for right-hand movement, while in C4, non-
relevant variations appear. Fig. 8 (b) shows that ERD was not detected
in the alpha band or the beta band. However, an ERS was clearly de-
tected after 1000ms. ERD/ERS activity in the alpha and beta band is
often reported by scientific papers [54].

Several MI BCIs have been proposed in previous studies. Lo et al.
proposed a wearable BCI with channel selection. Six EEG channels with
dry electrodes were used for acquiring EEG signals, and several features
were used for classifying MI. The accuracy was approximately 71%.
Prakaksita et al. proposed a 14-channel EEG BCI based on Emotiv. The
classification algorithms were ordinary neural network (NN) and opti-
mized NN. The accuracy of the ordinary NN was 77%, and that for the

optimized NN was 91% [55]. Cantillo-Negrete et al. proposed an
eleven-channel EEG BCI to detect MI. The offline classification accuracy
was 76 ± 7.6%, and the online accuracy was 70 ± 6.7% [56]. Jiang
et al. proposed a semi-asynchronous wearable BCI. The subjects
achieved a mean accuracy of 77.00% during MI tasks in the session with
the highest accuracy [57].

The average accuracy for detecting MI in the proposed system was
approximately 78.2%. The performance of the proposed system for
detecting MI with only two EEG channels was similar to that of the
above BCI systems. The proposed 3D CNN classification had better
accuracy and a better kappa coefficient than the start-of-the-art
methods. The performance improvement of 3D CNN over other
methods is statistically significant.

The proposed system was also more comfortable for subjects com-
pared to conventional wet electrodes and an EEG cap. There were no
major complaints reported during the entire experiment. In another
experiment, subjects provided a response (comfortable or not) related
to wearing the proposed system and the EEG cap (Neuroscan). Most
subjects reported that the EEG cap (Neuroscan) was painful after one
hour of wear. Some subjects commented that they preferred the dry
electrodes due to the improvement in user comfort.

6. Conclusion

The purpose of this study was to design and demonstrate a portable
EEG BCI with 24 bit, analog-to-digital converters chip and wireless
microprocessor unit. Novel CNN classification methods were found and
used for offline and online experiments with a portable acquisition
system. The system was experimentally validated for measuring EEG
signals by an alpha wave experiment. The system has small size, ex-
cellent mobility, and low power consumption. We presented a novel
classifier based on the 3D CNN. This classifier had better accuracy than
state-of-the-art methods.

Our proposed BCI system consisted of nRF51822 (microprocessor

Fig. 8. Comparison of accuracy five methods.

Table 3
p-values of t-test between 3D CNN and other methods.

k-NN SVM DBN 2D CNN

3D CNN 0.012 0.025 0.011 0.008

Table 4
Kappa value results for 3D CNN, and other methods.

Subjects kappa

3D CNN k-NN SVM DBN 2D CNN

S1 0.6340 0.3500 0.6040 0.612 0.586
S2 0.8740 0.4140 0.7020 0.784 0.730
S3 0.6500 0.5320 0.5300 0.652 0.530
S4 0.2440 0.1220 0.3440 0.204 0.254
S5 0.4860 0.4720 0.4360 0.464 0.442
S6 0.4220 0.4500 0.3240 0.402 0.356
S7 0.6420 0.2640 0.5500 0.596 0.602
Average 0.5645 0.3560 0.4981 0.530 0.500

Table 5
Comparison of proposed system with existing systems.

Property Proposed system Pinho [51] Campillo [52] Myung [53] Uktveris [48]

Dimension (cm) 3*4 13*11 7.5*10.5 10*5
Sampling (Hz) 1000 1000 500 512 1000
Resolution (bits) 24 24 12 24 24
CPU nRF51822(BLE) DM3730 MSP430 STM32 Atmega2560
IO BLE 4.0 Wi-Fi 802.11 UART Wi-Fi 802.11 BLE 4.0
CMRR −110 −115 −94 – −110
Gain 24 24 12 – 12
Local processing No Yes No No No
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and Bluetooth) and ADS1298 (analog–digital conversion). This system
had a small size (30*40 mm) and low power (200 mAh). The main
difficulties with conventional BCIs are mobility and dry electrodes. In
place of the dry electrode, we used a probe structure. Each probe
consisted of head, spring, and sleeve. The head surface was gold-plated
(Au), and the spring provided a force that acted as a buffer to maintain
head–skin contact impedance. For mobility, our system had a small
size, and was fixed on a headphone.

The alpha wave experiment suggests that this system has the po-
tential to provide very stable EEG signals. Compared with the
Neuroscan, our proposed system can acquire typical alpha waves in the
occipital lobe area (O1 and O2) during an eyes-closed interval. This
results is similar to Neuroscan.

We designed a novel classifier based on the CNN. This classifier had
a different feature structure in the input layer. The signal was reshaped
to a matrix in the time domain, and the third dimension was a different
frequency band (channels@matrix ranks*matrix arrays). In the output
layer, we used the dropout technique, and set the dropout probability to
50% to reduce overfitting. We believe this input model is more suitable
for CNNs. In the MI experiments, the results demonstrate that CNN
classification showed better accuracy and a better kappa coefficient
than SVM or k-NN classification, the classification above 78% and
kappa coefficient above 0.56. In the online experiments, we found that
feedback could improve the classification accuracy of subjects with no
experience.

Limitations and future work: although encouraging results were
obtained from this study, there were several limitations. First, we only
put electrodes on the headphone like line. In the MI experiment, C3 and
C4 be used on central line. This device can't capture the frontal elec-
trodes and central electrodes simultaneously. So it does not permit to

assess the brain dynamics over the entire scalp. Second, the sample is
not enough. Generally, the amount of data for deep learning is much
larger than that. We think that the deep network maybe overfitting
although we used dropout. So data augmentation maybe a solution.
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