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ABSTRACT Recent advances in brain-computer interface (BCI) techniques have led to increasingly refined
interactions between users and external devices. Accurately decoding kinematic information from brain
signals is one of the main challenges encountered in the control of human-like robots. In particular, although
the forearm of an upper extremity is frequently used in daily life for high-level tasks, only few studies
addressed decoding of the forearm movement. In this study, we focus on the classification of forearm
movements according to elaborated rotation angles using electroencephalogram (EEG) signals. To this end,
we propose a hierarchical flow convolutional neural network (HF-CNN) model for robust classification. We
evaluate the proposed model not only with our experimental dataset but also with a public dataset (BNCI
Horizon 2020). The grand-average classification accuracies of three rotation angles yield 0.73 (±0.04) for
the motor execution (ME) task and 0.65 (±0.09) for the motor imagery (MI) task across ten subjects in our
experimental dataset. Further, in the public dataset, the grand-averaged classification accuracies were 0.52
(±0.03) for ME and 0.51 (±0.04) for MI tasks across fifteen subjects. Our experimental results demonstrate
the possibility of decoding complex kinematics information using EEG signals. This study will contribute
to the development of a brain-controlled robotic arm system capable of performing high-level tasks.
INDEX TERMS Brain-computer interface (BCI), electroencephalogram (EEG), convolutional neural network (CNN), forearm motor execution and motor imagery.

I. INTRODUCTION

Brain-computer interface (BCI) has been developed as an
approach to assist patients suffering from a severe nerve
injury. The BCI is used to recognize user intention to
enable interaction between humans and external devices
using brain signals. Non-invasive BCI is particularly fascinating as no surgical implant is needed [1]–[3]. It has been
demonstrated to steadily establish communication between
humans and various devices such as an exoskeleton [4], [5], a
wheelchair [6], a speller [7]–[9], and a robotic arm [10]–[13].
The associate editor coordinating the review of this manuscript and
approving it for publication was Vincent Chen
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The electroencephalogram (EEG) represents a type of brain
signal that can be measured non-invasively by detecting
electrical signals on the scalp with high temporal resolution
and low cost, compared to other techniques. Presently, EEG
signals are the most practical tools that measure fast dynamics
in brain activity [2], [14]–[16].
EEG-based BCI has been investigated with respect to various paradigms, including exogenous and endogenous characteristics. In particular, motor imagery (MI) is used not
only to rehabilitation (i.e., recovery of disabled movement
function) for patients [17] but also to support the daily-life
activities of healthy people [18]–[21]. The MI paradigm has
advanced steadily, and the neurophysiological phenomena
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(e.g., event-related desynchronization and synchronization
(ERD/ERS)) during motor execution (ME) are observed
when MI is performed. ERD/ERS rhythms are identified from
the mu-band (8–12 Hz) and the beta-band (13–30 Hz) across
the primary sensorimotor area [22]. However, the ERD/ERS
pattern can detect differences in band-specific signal patterns
and the location of the occurrence depending on the individual characteristics [23]. Hence, decoding the user intention
from EEG signals based on MI for high-level tasks represents
one of the challenges [24]–[27].
A few groups developed the advanced decoding methods
for the single upper extremity movement using EEG signals
[27]–[30]. Meng et al. [11] examined the possibility of using
non-invasive motor imagination-based BCI for control of a
robotic arm that executes reach-and-automatic-grasp tasks
in 3D plane. Their experimental design effectively reduced
the number of degrees of freedom. Schwarz et al. [26] categorized hand motions for various types of objects. Their
study demonstrated the capability to discriminate three reachand-grasp actions prominent in people’s everyday use using
non-invasive BCI. Shiman et al. [28] decoded the upper
extremity reaching movements in various directions using
a robotic exoskeleton on a horizontal 2D plane. Edelman
et al. [29] examined the separability of MI tasks involving
four different manipulations of the right hand (i.e., flexion,
extension, supination, and pronation) using an EEG source
imaging method. Úbeda et al. [31] assessed the feasibility
of decoding upper-limb kinematics from EEG signals in
center-out reaching tasks during passive and active movements. They employed linear regression to decode upperlimb kinematics from EEG signals. Li et al. [30] proposed a
kind of classification strategy using not only EEG signals but
also surface electromyogram (sEMG) signals combination.
They classified a variety of upper extremity movements such
as hand open/close, wrist pronation/supination. The classification performance achieved by the fusion of sEMG and
EEG signals was significantly better than that obtained by
a single signal source of either sEMG or EEG across all
subjects. In this study, we focused on user intention decoding using a single upper extremity for high-level tasks. To
the best of our knowledge, this is the first effort to categorize forearm movements and imageries according to various rotation angles using EEG signals in non-invasive BCI
studies.
Furthermore, we adopted a deep learning approach for
decoding complex ME and MI tasks using only EEG signals.
Recent BCI advances have been applied to deep learning
techniques which could generate a new signal feature representation and architecture training [32], [33]. Therefore,
this approach provided further performance improvement
for robust decoding of the intention robustly. For example,
Lu et al. [34] proposed a novel deep learning model based
on a restricted Boltzmann machine (RBM) for MI classification. Frequency-domain representations of EEG signals
obtained through the fast Fourier transform and wavelet
package decomposition are obtained to train three RBMs.
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FIGURE 1. Experimental environment for EEG data acquisition.

FIGURE 2. Experimental paradigm in a single-trial.

Zhang et al. [35] proposed a novel deep learning approach
combined with data augmentation for EEG classification.
They utilized the empirical mode decomposition on EEG
frames and mixed their intrinsic mode functions to create
new artificial EEG frames. Further, they proposed binary
neural networks (i.e., convolutional and wavelet neural networks) to train the weights and allocate two classes of motorimagery signals. Wang et al. [36] developed an LSTM-based
framework to extract essential features of time-dependent
EEG signals. The channel weighting technique is applied
to make the EEG signal representation more concise. The
channel weighting coefficients were automatically optimized
with other network parameters of the LSTM network.
In this study, we designed an experimental environment
to collect EEG signals corresponding to 0 ◦ , 90 ◦ , and 180 ◦
angles of the forearm movement. We proposed a novel hierarchical flow convolutional neural network (HF-CNN) model
for EEG classification. We evaluated the proposed model
with not only our experimental dataset but also the public
dataset related to forearm movements. Through the verification, we confirmed the feasibility of EEG classification for
high-level tasks using a single upper extremity. This possibility demonstrates intuitive decoding of the user intention
for BCI-based robotic arm/prosthesis control and the neurorehabilitation of stroke patients.
II. METHODS
A. DATA ACQUISITION
1) PARTICIPANTS

Ten subjects (ten males, all right-handed, age: 24–31 years)
were recruited in our experiment. None of the subjects had
a history of psychiatric or neurological disorders. This study
was approved by the Institutional Review Board (IRB) at the
Korea University [1040548-KU-17-172-A-21], and all subjects provided informed consent according to the Declaration
of Helsinki prior to the experiments.
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2) EXPERIMENTAL SETUP

3) EXPERIMENTAL PARADIGM

Fig. 1 shows the experimental environment for measuring
EEG signals and kinematic data used in the experiment. The
subjects sit in a comfortable chair at a monitor viewing distance of approximately 60 cm at a desk. Visual stimuli were
presented on the monitor display as forearm rotation angles.
The EEG signals were measured using 32 EEG channels
according to the international 10-20 systems.
The ground and reference electrodes were placed at AFz
and FCz, respectively. We selected 20 EEG channels near
the primary/supplementary motor cortices to avoid artifacts
related to facial or eyeball movements (i.e., FC5, FC3, FC1,
FCz, FC2, FC4, FC6, C5, C3, C1, Cz, C2, C4, C6, CP5,
CP3, CP1, CPz, CP2, CP4, and CP6) [37]. Those channels
located in central brain area were activated when the subjects
executed movements and imagined their muscle movement
[22]. A sampling rate of 100 Hz and a notch filter frequency
rate of 60 Hz were applied to reduce the DC power supply
noise. The impedance of all electrodes was maintained below
10 k. The kinematic information of forearm rotation angles
was collected by two motion sensors (OPAL, APDM Inc.,
Canada). The sensors were strapped to the front of the right
forearm and outside of the right upper extremity, as shown
in Fig. 1. We obtained the angular position and velocity
using an accelerometer and gyroscope information obtained
through the OPAL sensor. Then, we confirmed the kinematic
information to verify whether the forearm movement or not
according to the ME and MI tasks. The kinematic information
could show how well the subject performed the experimental
protocol for each task and collected high-quality data. For
example, if the subject were asked to perform the MI task,
the kinematic information could not show any activation of
kinematic information owing to no movement at that time.
Meanwhile, in the ME tasks, the kinematic information could
show some activation while the subject was performing an
upper extremity movement task.

Fig. 2 illustrates the experimental paradigm for EEG data
acquisition. The experiment comprised ME and MI task sessions, each containing 150 trials (50 trials per target angle).
A single-trial consisted of four phases, namely ‘rest’, ‘preparation’, ‘hit target’, and ‘return’. Each trial began with a rest
phase that lasted three seconds. At this time, the subjects
were asked to maintain the resting state with minimum body
movement. In the preparation phase, after a beep sound, one
of the target cues (0 ◦ , 90 ◦ , and 180 ◦ ) was presented by a red
line to the subjects. After being shown the target angles, the
subjects performed the ME task that corresponds to the target
by rotating their forearm during 3 s, whereas in the MI task
session, the imagined their forearm according to the target
angles. During this period, they were asked to minimize eye
blinking and head movement. After 3 s, the subjects returned
their forearm to the 0 ◦ position in a procedure lasting 3 s.
B. PROPOSED METHOD

An overview of the classification for forearm movement and
the imagery from EEG signals using the proposed model
is depicted in Fig. 3. All data processing was carried out
using the PyTorch library and MATLAB 2019a (MathWorks,
USA) software with a high-performance computer. After the
data acquisition, EEG data were preprocessed by a zerophase second-order Butterworth bandpass filter with a cutoff
frequency from 4 to 40 Hz [38]. To obtain clear EEG data,
we removed the contamination factors using an independent
component analysis (ICA) algorithm which is commonly
used. The contaminated ICs that had similar patterns of the
Fp1 or Fp2 channels with respect to eye movement were
automatically removed [37]. The filtered EEG data were
segmented according to each rotation angle. We adopted a
deep learning approach to decode high-level tasks using only
EEG signals.
In this study, we propose the HF-CNN model as a classification method. CNN is a multi-layer neural network based on
convolution. It decodes the user intention from EEG signals

FIGURE 3. Overview of the proposed HF-CNN model for classifying the forearm rotation from EEG signals.
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FIGURE 4. Architecture of the proposed HF-CNN model.

[39], [40]. We designed the frame of CNN and adopted a hierarchical architecture to extract relevant features for multiple
classifications. The HF-CNN was trained according to each
subject because of the EEG uncertainty characteristics.
Initially, we randomly selected 80% of the trials as a
training set and used the remaining 20% as a test set for
classification [35]. The entire dataset included 150 trials
comprising 50 trials per each class. Hence, the data from 120
trials (i.e., 40 trials×3 classes) were assigned for training,
and the data from the remaining 30 trials were designated as
test data. Fig. 4 shows the proposed HF-CNN architecture,
composed of two main steps: CNN I for movement detection
and CNN II for forearm rotation detection. CNN I and CNN
II comprise three different layers: convolution, pooling, and
the fully-connected layer. In the CNN I step, the dimensions
of EEG signals as input data were 300 × 20 (time×channel).
The convolutional layer was employed for the convolution
over the entire input space to linearly transform it using a
learnable kernel of 1 × 25 sizes to generate a receptive field
from 4 to 40 Hz since sampling rate was 100 Hz. Subsequently, the data were processed through a 20 × 1 spatial
filter to make the channel into a single channel. The average
pooling layer, obtained after the spatial filter downsampled
the convolution layer using a 1 × 3 kernel size, reduced the
computational cost for multiple stacked layers. We assumed
that classification between movement and resting state could
be easily performed with low-level features. Therefore, CNN
I performed only two convolutions and pooling. Followingly,
a fully-connected (FC) layer flattened the features that were
extracted through multiple layers. We applied an exponential
linear unit (ELU) as the activation function. Using a crossentropy loss function, the CNN architectures were trained to
extract relevant features for classifying the input data (i.e.,
forearm rotation angle at 0 ◦ ).
The input data of CNN II comprised the features extracted
by the last convolution layer of CNN I. The convolution was
conducted with a 1 × 4 kernel size. The CNN II obtained
66944

relevant features for the forearm rotation classification as 90 ◦
or 180 ◦ through the three convolution blocks. Each softmax
layer of CNN I and CNN II is connected for the end of
classification process. Accordingly, if the classification result
of CNN I is resting state, then the HF-CNN classified as
resting state and the classification process would be terminated. Otherwise, a shared feature map is utilized in CNN II
for further feature extraction and classification. In this case,
the classification result of HF-CNN could be classified as the
detailed rotation angle classification.
In this study, we modified each cross-entropy loss function
of CNN I and CNN II to a single loss function owing to
the hierarchical framework characteristics. To consider the
number of classes for each CNN classifier, we applied the
weighted loss function [44], [45]. In this experiment, both
CNN I and CNN II have obtained the same number of classes.
Therefore, we multiplied the ratio of 0.5 to each loss. The
modified cross-entropy loss function is defined as:
Loss(L1 , L2 ) = 0.5 × L1 + 0.5 × L2

(1)

Each loss term is a generalized cross-entropy loss term,
defined as:
L1 = −
L2 = −

2
X
c=1
N
X

y1 log ŷ1

(2)

y2 log ŷ2

(3)

c=1

y1 and y2 are class labels of CNN I and CNN II, respectively; ŷ1 and ŷ2 are outputs of CNN I and CNN II. The hyperparameter N depicts the number of forearm rotation classes.
In this case, we set the value of N to 2.
In this manner, the proposed HF-CNN model classifies
the forearm rotation angles (0 ◦ , 90 ◦ , and 180 ◦ ) from EEG
signals obtained from each subject. We performed 300 iterations (epochs) for the model training process and saved the
model weights that generate the least loss of the test data. The
detailed training stage of the HF-CNN model is depicted in
Algorithm 1.
C. PERFORMANCE EVALUATION
1) DATASET I: OUR EXPERIMENTAL DATASET

To fairly evaluate the proposed method, we applied 5-fold
cross-validation and compared it with the existing methods
for EEG decoding via an offline analysis. To this end, we
evaluated the classification performance of existing methods
(e.g., FBCSP [41], [46], ShallowConvNet [42], DeepConvNet [42], and EEGNet [43]) which were used for robust EEG
classification.
As the deep learning approaches, the ConvNets [42] model
is a robust CNN model employed to decode multi-classes
in the MI dataset. The DeepConvNet model comprised four
convolution-max-pooling blocks and used dropout layers
with a 0.5 ratio to avoid overfitting problems. ShallowConvNet, inspired by the principle of FBCSP, included the first
VOLUME 8, 2020

J.-H. Jeong et al.: EEG Classification of Forearm Movement Imagery Using a HF-CNN

Algorithm 1 Training Stage of HF-CNN
Input: Preprocessed EEG data {X , }
N ×T : a set of EEG data for a
• X = {xi }D
i=1 , {xi } ∈ R

single- trial, where D is total number of trials with N
channels and T sample points
•  = {Oi }D
i=1 : class labels, where Oi ∈ {0, 1, 2} and D
is total number of trials
Output: Trained model
Stage 1: Divide EEG data into a training set and test set
at a ratio of 80:20

project, which contains various upper extremity tasks, such
as a forearm supination/pronation, elbow movement, hand
grasping, and rest [47]. The dataset contained data acquired
from fifteen subjects (six males and nine females, 22∼40
years) and acquired the EEG data using 61 channels. We
classified the forearm supination class, forearm pronation
class, and rest using the proposed HF-CNN model. The
forearm movement classes are also correlated to the forearm
rotation angle (−90 ◦ , 0 ◦ , and 90 ◦ ) similar to our experimentally obtained dataset. Hence, we conducted an evaluation
of the proposed model to demonstrate its availability and
efficiency.

• Xtr : a training set of EEG data, tr : a label set of

III. EXPERIMENTAL RESULTS

training data

Table 1 shows the classification accuracies of both the proposed model and existing methods for ME and MI tasks on
the DATASET I. The proposed model exhibited the highest grand-average classification accuracy of 0.73 (±0.04)
and 0.65 (±0.09) for both ME and MI tasks, respectively.
The FBCSP with a regularized linear discriminant analysis
(RLDA) [41], [46], one of the traditional machine learning
methods for BCI decoding, exhibited the lowest classification
accuracies of 0.35 (±0.01) for both tasks. This performance
was similar to the chance level accuracy for the three-class
problem (approximately 0.33). The deep learning approach
showed outperformed the classification performance of the
general machine learning method. In the ME task, EEGNet
[43] and DeepConvNet [42] indicated grand-averaged accuracies of 0.63 (±0.04) and 0.64 (±0.03), respectively, for all
subjects. The ShallowConvNet [42] achieved the highest classification accuracy of 0.71 (±0.04) among the deep learning
methods. In the MI task, the deep learning method showed
similar grand-average classification performance.
Table 2 lists the classification accuracies for DATASET
II (public dataset) using the proposed model and existing
methods for ME and MI tasks. We conducted a three-class
classification of forearm movements (i.e., forearm supination, forearm pronation, and rest). As depicted in Table 2, the
proposed model outperformed the classification performance
with accuracies of 0.52 (±0.03) for ME task and 0.51 (±0.04)
for MI task, respectively, compared to the other methods.
The training accuracy for the HF-CNN for all subjects is
shown in Fig. 5. In the model training phase, the classification
performances are enhanced with an increasing number of
epochs. The grand-average training accuracy indicated (black
line) convergence within 100 epochs for both sessions. The
grand-average training accuracies reached approximately 0.8
for all subjects. However, as depicted by the blue and green
lines, the training performance exhibited the variation among
the subjects. After completing the training process, the model
is evaluated using the test dataset.
Fig. 6 shows the confusion matrix of the proposed model
for multi-class classification on DATASET I and DATASET
II. Each column of the confusion matrix represents the target
class, whereas each row represents the predicted class (i.e.,
0 ◦ , 90 ◦ , and 180 ◦ ). In DATASET I, all true-positive values

Stage 2: Train CNN I
• The parameters of CNN I are initialized to random
values and modify the class labels to binary values (rest
and movement), defined as tr,1 = {Oi,1 }D
i=1 where
Oi,1 ∈ {0, 1}
• Store feature maps extracted in last convolution layer
• Generate loss value by calculating differences
between CNN I output and class label tr,1
Stage 3: Train CNN II
• The CNN II initializes its parameters and defines class
labels as rotation at 90 ◦ and rotation at 180 ◦ . tr,2 =
{Oi,2 }D
i=1 where Oi,2 ∈ {0, 1}
• Use stored feature maps to train CNN II.
• Generate loss value by calculating differences
between CNN II output and class labels tr,2
• Concatenate CNN I and CNN II outputs for class
labels 
Stage 4: Fine-tune parameters
• Minimize loss values by tuning parameters of both
CNN I and CNN II.
two layers (temporal convolution and spatial filter), thereby
extracting the band power features [42]. Further, the EEGNet
model, which is a compact CNN for EEG-based BCI for
various paradigms (e.g., SMR and P300), comprises three
different convolution layers to extract the representative features. The EEGNet exhibited a proficient classification performance compared to other existing methods [43]. In this
study, using the test data, classification performances for
forearm movement decoding were evaluated for each subject.
2) DATASET II: PUBLIC DATASET

Moreover, we validated the proposed HF-CNN model on
the public dataset published by the BNCI Horizon 2020
VOLUME 8, 2020
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TABLE 1. Classification accuracy of proposed and conventional methods for ME and MI tasks in DATASET I.

TABLE 2. Classification accuracy of proposed and existing methods for ME and MI tasks in DATASET II.

were higher than the true-negative values and the value of
the false-negative for both ME and MI tasks. Further, for
DATASET II, the configuration of the multi-class was composed of basic forearm movements, such as forearm pronation and forearm supination. As depicted in the confusion
matrices, the true-positive of the rest class had the highest
value among movement classes for all tasks (i.e., 0.83 for
the ME and 0.70 for the MI). However, in the MI task,
the proposed HF-CNN model confused the classification of
forearm angles when the target class was −90 ◦ , such that the
model yielded the true positive as 0.50.
To verify the classification performance difference
between the proposed model and existing methods, we
conducted a statistical analysis employing the analysis of
variance (ANOVA) with the Bonferroni correction. We performed multiple comparisons between groups using classification accuracy for fair statistical analysis for multi-group.
66946

The obtained p-values are given in Table 3. Most p-values
are inferior to 0.01, which implies that the classification
performance of the proposed model is statistically significant compared to the other methods. However, all obtained
p-values of the general machine learning method (FBCSP)
and deep learning approaches (ShallowConvNet, DeepConvNet, EEGNet, and HF-CNN) showed statistical significance
(below 0.01). In our experimental dataset (DATASET I), there
was no significant difference between the proposed model
and ShallowConvNet for the ME task. The difference in
the classification performance was approximately 0.2. For
DATASET II, most groups exhibited a statistically significant
difference, except ShallowConvNet vs. DeepConvNet and
EEGNet vs. the proposed model with regard to the ME tasks.
In the MI tasks, the performance difference between the
proposed model and ShallowConvNet exhibited the lowest
accuracy of approximately 0.3.
VOLUME 8, 2020
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FIGURE 6. Confusion matrices of grand-average classification results for
all subjects according to DATASET I and DATASET II.

FIGURE 5. Convergence curve of the proposed model training for both
ME and MI tasks on DATASET I. Blue and green lines indicate curves of
training accuracy according to each subject. Black line depicted depicts
average training accuracy of model training across all subjects.

IV. DISCUSSION

In this study, we adopted a deep learning approach for recognizing user intention from EEG signals. We approached the
complex upper-limb movement decoding that could possibly
support BCI advances to perform high-level tasks using a
robotic arm and neuro-prothesis. In particular, we focused
on the classification of various angles of forearm rotations
based on the HF-CNN. We acquired the EEG data for both

the ME and MI tasks for ten subjects. We obtained the grandaverage classification accuracies at 0.73 (±0.04) for ME
and 0.65 (±0.09) for MI. Furthermore, we conducted the
verification on a public dataset (DATASET II). The HF-CNN
model exhibited the highest classification performance for the
multi-class compared to the existing methods, as depicted in
Table 2. However, the proposed model still requires improvement to achieve a further enhancement in its performance.
In the MI task, HF-CNN exhibited a significant difference
compared with other methods (Table 3), whereas in the ME
task, the model remains with no statistical significance for
the EEGNet model. This is because the ME task is induced
by actual muscle activity, effectuating brain dynamics that are
more distinct compared to the ones generated by imagination.

TABLE 3. Results of significant performance difference using t-test for both datasets.
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Because EEG patterns for actual movement are prominent,
we anticipated the methods using CNN architectures, including existing methods and HF-CNN, to be trained in a similar
pattern for only ME task data.
In this paper, we proposed the hierarchical CNN architecture for reducing the workload of each singular CNN
architecture. Generally, the parameters change in the network
is one of the dramatic model performance improvements
method, however, it has several limitations for the constrained
environment such as using low-quality data and a lack of
the data. Therefore, we adopted a hierarchical structure for
classification instead of the parameter optimization method.
Furthermore, CNN I and CNN II become more specialized
to be classified as the ‘movement or not’ and ‘90 ◦ or 180 ◦ ’
angles in the model training. In this manner, the proposed
model could serve as a novel model to solve complex MI
decoding from EEG signals. However, the performance of
HF-CNN is more dependent on CNN I since it adopted the
principle of hierarchy. When CNN I classified improperly,
the final results would be the wrong prediction regardless
of the CNN II prediction. Hence, in order to overcome this
limitation, we will need to modify the architecture that could
reflect the error prediction.
Recent BCI advances adopted deep learning techniques,
which already yielded a dramatically high performance in
other research fields, such as computer vision and natural
language processing [33]. In particular, a few studies applied
the deep networks to various BCI paradigms using EEG
signals such as mental state detection [48]–[50], emotion
recognition [51], [52], intention decoding using steady-state
visual evoked potentials [16], P300 [53], [54], and MI [32],
[34]–[36], [42]. Several studies for MI decoding using deep
learning approaches focused on enhancing decoding performance for basic multi-classes (e.g., left hand, right hand, and
foot) using a public dataset [35], [36]. In contrast, in this
study, we focused on practical MI tasks to consider applying
real-world situations. The upper-limb movement decoding
from EEG signals using a single-arm has recently developed
as one of the challenging issues of the BCI [26], [28]. To the
best of our knowledge, this is the novel study of complex forearm rotation classification using only EEG signals. Hence,
this study could contribute to the advances of decoding for
complex high-level tasks, including both ME and MI, based
on deep learning approaches.
Furthermore, most deep learning architectures take considerable training time to achieve sufficient performance. The
long calibration time is one of the critical problems in BCI
advances, arising due to EEG non-stationary characteristics
[55], [56]. Therefore, it is difficult to pre-train the deep learning model, as the EEG signals differ day by day. Additionally,
in real-time BCI scenarios, the long training time for the
model could affect the subjects’ mental and physical state
due to inattention [57]. In particular, when patients use the
BCI system, considerable side effects could arise due to the
long therapy phase. We designed the HF-CNN model to make
possible its adoption in offline experiments as well as real66948

time scenarios. On average, the training time for each subject
lasted approximately 20 s with a high-performance computer,
which was configured with an Intel i7 CPU, a TITAN XP
GPU, a 64-GB RAM, and 1-TB SSD. In this manner, the
HF-CNN could contribute to a real-time BCI system by
performing high-level tasks to support daily life and therapy.
Therefore, we plan to evaluate the proposed model with realtime BCI scenarios such as pouring water or open a door using
a robotic arm.
V. CONCLUSION AND FUTURE WORK

We presented the forearm rotation decoded from EEG signals
based on the proposed deep learning approach. The proposed
HF-CNN can classify complex MI tasks robustly owing
to the hierarchical flow. We verified the model using both
our experimental dataset and the public dataset. The results
showed that the HF-CNN achieves prominent classification
accuracy across both datasets. Therefore, the HF-CNN model
is considered a promising tool for MI classification and BCI
application. The model has the potential to perform high-level
tasks, such as pouring water into a cup and opening a door
using the EEG-based robotic arm or prosthesis.
In future work, we will modify the HF-CNN to enable
the adoption of real-time BCI scenarios by improving classification performance. Hence, we will plan to apply more
advanced machine learning algorithms such as the BCI adaptation method and boost artifacts rejections method. Moreover, we will develop the EEG-based robotic arm system
based on the proposed model and test the developed system
with regard to its ability to support daily work for healthy
individuals and provide neuro-therapy for motor-disabled
patients.
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