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Abstract — Brain-machine interfaces (BMIs) can be used
to decode brain activity into commands to control external devices. This paper presents the decoding of intuitive upper extremity imagery for multi-directional arm
reaching tasks in three-dimensional (3D) environments.
We designed and implemented an experimental environment in which electroencephalogram (EEG) signals can
be acquired for movement execution and imagery. Fifteen
subjects participated in our experiments. We proposed a
multi-directional convolution neural network-bidirectional
long short-term memory network (MDCBN)-based deep
learning framework. The decoding performances for six
directions in 3D space were measured by the correlation
coefficient (CC) and the normalized root mean square error
(NRMSE) between predicted and baseline velocity profiles.
The grand-averaged CCs of multi-direction were 0.47 and
0.45 for the execution and imagery sessions, respectively,
across all subjects. The NRMSE values were below 0.2 for
both sessions. Furthermore, in this study, the proposed
MDCBN was evaluated by two online experiments for realtime robotic arm control, and the grand-averaged success
rates were approximately 0.60 (±0.14) and 0.43 (±0.09),
respectively. Hence, we demonstrate the feasibility of intuitive robotic arm control based on EEG signals for real-world
environments.
Index Terms — Brain–machine interface (BMI), electroencephalogram (EEG), motor imagery, intuitive robotic arm
control, deep learning.
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I. I NTRODUCTION

B

RAIN-MACHINE interface (BMI) technology is a
promising tool for the recognition of user intention and
for communicating with external devices. Noninvasive BMIs
aim to translate human thoughts, decoded by brain activity
into control signals, for external applications without brain
implant surgery. These interfaces typically decode the cortical
correlates of movement parameters such as velocity/position
of limb movements or muscular activity to generate control
sequences [1], [2]. Over the past decades, BMIs have been
developed to control devices such as wheelchairs [3], powered
exoskeletons [4], [5], and robotic arms [6]–[9] not only
facilitating the recovery of movement functions for spinal cord
injury (SCI) and amyotrophic lateral sclerosis (ALS) patients,
but also supporting the abilities of healthy people [10]–[13].
One type of BMI application, the robotic arm could provide
alternative upper extremity function to both healthy people and motor-disabled patients, allowing them to perform
high-level tasks, such as drinking water or moving objects.
Some BMI groups have investigated scalp electroencephalogram (EEG)-based robotic arm control systems using various
BMI paradigms, such as steady-state visual evoked potentials [14], P300 potentials [15], error-related potentials [8],
motor imagery [6], [7], and shared control [16], [17].
To emulate the natural control of a brain-to-robot arm, motor
imagery is an important topic that reflects the thought of
users about moving specific body parts without any external stimuli. When a user imagines the motion of a limb,
event-related desynchronization/synchronization (ERD/ERS)
features, which are referred to as a sensory-motor rhythm
(SMR), are induced in EEG signals over the primary sensorimotor area. These phenomena can be induced from the
mu-band (8-12 Hz) and the beta-band (13-30 Hz). However,
due to the low signal-to-noise ratio (SNR) of EEG signals,
understanding the brain dynamics and accurately decoding
various types of user intention for controlling human assistant robots is very challenging [18]–[20]. For reliable motor
imagery decoding, a few groups have designed effective
experiments that can comparatively easily induce endogenous
potentials through movement execution sessions [21], [22].
Therefore, to control robotic and prosthetic arms, previous
researchers have attempted to decode various upper extremity
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TABLE I
T HE C ONVENTIONAL S TUDIES FOR D ECODING U PPER E XTREMITY M OVEMENTS F ROM EEG S IGNALS

movements using motor imagery and movement execution.
Table I summarizes the conventional studies for EEG-based
upper extremity decoding.
Ofner et al. [21] decoded the different types of upper
extremity motions for motor imagery and movement execution. They categorized six movements and a rest class and
obtained significant average classification accuracies of 27%
(movement vs. movement) and 73% (movement vs. rest) for
motor imagery, and 55% and 87% for movement execution.
Schwarz et al. [23] investigated the classification of hand
motions according to various objects (e.g., palmar grasp,
pincer grasp, and lateral grasp). They showed binary classification accuracies of 72.4% between grasp types and the peak
classification accuracy could be achieved 93.5% for grasps
vs. no-movement condition. Yong and Menon [24] proposed
a multi-class BCI system that could be classified for a resting
state, a hand grasping imagery state, and an elbow movement
imagery state; the states were classified using discriminating
EEG patterns. The averaged classification accuracies were
66.9% in movement execution task and 60.7% in movement
imagery tasks for the 3-class problem across 12 subjects.
Iturrate et al. [25] had investigated the existence of neural correlates of grasping from EEG signals in self-paced conditions,
and demonstrated neural correlates of precision and power
grasps differentially evolve as grasps unfold. They decoded
the power and precision hand grasping types with 70.0% performance with a standardized low-resolution brain electromagnetic tomography (sLORETA). Edelman et al. [26] decoded
four different wrist movements using power modulation in
the mu-band based on an EEG source imaging method. They
compared the classification accuracy between sensor-based
and source-based methods. The source-based method showed a
12.7% increase in accuracy for the overall classification when
compared with that of the sensor-based method. Li et al. [27]
classified four different upper extremity movements such
as wrist pronation/supination and hand open/close using

EEG-surface electromyography (sEMG) combination method.
They finally obtained a classification accuracy of 87.0% using
a channel optimization method (sequential forward selection).
Chung et al. [28] explored the beta-bands activity and connectivity of arm reaching tasks with low and high visual
gain according to the target distance (12◦, 36◦ , and 72◦ ).
They used the EEG source localization based on measure
projection analysis (MPA) and discovered that the high visual
gain decreased movement errors with increased beta-band
desynchronization in the parietal cortex and contralateral sensorimotor cortex.
Especially, for decoding of arm reaching movement using
EEG signals, Antelis et al. [29] demonstrated the possibility
of the continuous decoding of a natural attempt in upper
limb movement for stroke patients from the EEG signals of
the unaffected contralesional motor cortex. They proposed a
continuous decoder based on a support vector machine using
a hidden Markov model, and detected the hand movement
itself with 78.0% accuracy as well as the attempt at movement
with 76.0% accuracy, respectively. Shiman et al. [30] investigated the decoding of upper extremity reaching movements
in multiple directions with a robotic exoskeleton according
to a horizontal 2D plane. Handiru et al. [31] also classified
multi-directional arm movements using EEG source space
analysis in the 2D space (north, west, east, and south).
Some research groups have conducted studies estimating
arm movement trajectories and velocity profiles from EEG
signals [9], [32], [33].
These related studies have investigated to the possibility of
decoding various types of upper extremity movement from
EEG signals. However, sufficient decoding performance for
real-time BMI application control has not yet been demonstrated. In this study, we first focused on a robust decoding
method using a deep learning technique, which has demonstrated high performance in various research fields (e.g.,
computer vision and signal processing). Recent deep learning
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Fig. 1. The overall system architecture for BMI-based robotic arm control using the proposed MDCBN framework. The MDCBN was designed to
consider 3D axes (x-, y-, and z-axis) for the multi-directional arm reaching.

schemes have also been applied in the BMI field to better
understand brain imaging and to recognize various user intention [34], [35].
Furthermore, we attempted to decode intuitive imagery
for 3D robotic arm control with a high degree of freedom
(DoF). Recent advances in motor imagery-based robotic arms
have utilized simplified imagery, such as a left hand, a right
hand, feet, and both hands, as control commands. For example, Meng et al. [6] and Edelman et al. [36] demonstrated
the feasibility of a robotic arm that performed reach-andgrasp tasks in a real-time environment. As control tasks,
they adopted a 2D cursor control using motor imagery of
the left hand, the right hand, both hands, and resting state.
Penaloza and Nishio [7] applied the concept of a third arm
in the process of grasp-release imagination of a bottle. This
study demonstrated that the user’s two arms could perform
a specific task while a robot arm, called the third arm,
is simultaneously manipulated by imagining a different movement. In this study, we approached 3D robotic arm control
using intuitive imagery without artificial matching between
the robotic arm and the user’s intention. To the best of our
knowledge, this is the first time that intuitive imagery of 3D
multi-direction (left, right, forward, backward, up, and down)
has been encoded for arm reaching. We designed a BMI
experiment to obtain EEG signals for movement execution and
motor imagery. To facilitate the robust decoding of intuitive
imagery for multi-directional arm reaching, we proposed a
deep learning framework based on the multidirectional convolution neural network (CNN)-bidirectional long short-term
memory (BiLSTM) network. We evaluated the intuitive decoding performance to robotic arm controls using more challenging real-time scenarios involving high-level tasks. These tasks
include the reach-and-grasp of objects in 3D space and the
drinking a glass of water or beverage.
II. M ATERIALS AND M ETHODS
We designed an experimental environment that can acquire
EEG data according to various arm reaching tasks in a
movement session and an imagery session. Additionally,
we proposed a deep learning framework for decoding user
intention and evaluated our overall system through an online

experiment. A JACO arm (Kinova Robotics Inc., Canada),
a seven DoF human-like robotic arm with three fingers, was
used as the BMI actuator for the subjects during the online
experiments. Our overall system architecture for controlling
the robotic arm from EEG signals is shown in Fig. 1.

A. Subjects
Fifteen healthy volunteers (eleven males and four females,
all right-handed, age: 25-31 years) participated in our experiment. All volunteers were BMI naïve. Before the experiment,
the subjects were required to be in normal health, get enough
sleep (approximately 8 hours), avoid alcohol, and strenuous
exercise. The subjects were informed about the experimental
protocols and were provided their given informed consent
with the Declaration of Helsinki and data user agreement.
All experimental protocols and environments for ethical issues
from human subjects were reviewed and approved by the
Institutional Review Board at Korea University (1040548-KUIRB-17-181-A-2).

B. Experimental Protocols and Setup
The tasks performed in our experiment involved center-out
right-handed reaching movement and imagery (left, right, forward, backward, up, and down) in 3D space. The experimental
setup is depicted in Fig. 2(a) and 2(b). The subjects sat in
a chair in front of a desk. A display monitor was placed
at a comfortable viewing distance of approximately 60 cm
from the subject on the desk. Visual cues were shown in the
form of a plus sign for rest and appropriate directional signs
for reaching tasks. The experiment comprised two sessions:
movement session and imagery session. In the movement
session, the subjects performed the actual movement, such
as center-out arm reaching in one of the directions. In the
imagery session, the subjects were asked to perform motor
imagery only. Each session included 240 trials for each subject
(40 trials per six directions). The experimental paradigm is
depicted in Fig. 2(c). Each trial began with a resting state of
four seconds. During this period, the subjects were asked to
minimize eye blinks and body movements. After being shown
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Fig. 2. Experimental setup and protocols for EEG data collection.
(a) Experimental environments including the 64 EEG electrodes, a monitor for displaying visual cues, and a motion sensor for detecting kinematic
information. (b) Arm reaching tasks in multi-direction (left, right, forward,
backward, up, and down). (c) Experimental paradigms of the two sessions: movement session and imagery session.

a random visual instruction for three seconds, the subjects
performed movement or imagery for four seconds.

C. Data Acquisition
EEG signals from 64 channels were continuously recorded
according to an international 10-20 electrode position system
using BrainAmp devices (BrainProduct GmbH, Germany).
The ground and reference electrodes were placed on the
FPz and FCz channels, respectively. The impedance of all
electrodes was maintained below 15 k. The signals were
digitally sampled at 1,000 Hz and a 50 Hz notch filter was
applied to reduce power supply noise. Additionally, kinematic
data were recorded using an OPAL sensor (OPAL, APDM Inc.,
Canada). The sensor included an accelerometer, a gyroscope,
and a magnetometer to provide the kinematic data of natural
movement in the three axes. In our experiment, the sensor was
strapped to the subject’s right arm and a robotic arm was used
to obtain the exact arm position and movement velocity.

D. EEG and Kinematic Data Preprocessing
The EEG data were bandpass filtered in the range from
4 to 40 Hz [37] using Hamming-windowed zero phase
finite impulse response (FIR) filters with an optimized order
(N = 50) [38]. Despite applying the digital filter to EEG,
contaminated data still exists, because such data is generated
by eye blinks and head movements. To obtain cleaned EEG
data, we removed the contamination factors by an independent component analysis (ICA) which is commonly used
to decompose the brain signals into statistically independent
components (ICs). The data were transformed by the ICA
mixing matrix. The contaminated ICs that had similar patterns
of the Fp1 or Fp2 channels were automatically removed
[39]–[41]. The remaining ICs were projected back into the
scalp channel space to be reconstructed as the cleaned EEG
data. Next, the EEG data were re-referenced using a common
average reference (CAR) spatial filter to consider spatial
distribution related to the upper extremity. The CAR filter,
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which has been used to decrease volume conduction effects
for scalp EEG functional connectivity, is mostly used to
attenuate common artifacts arising at all EEG channels at the
same time [23], [42], [43]. After spatial filtered, twenty EEG
channels (FC5, FC3, FC1, FC2, FC4, FC6, C5, C3, C1, C2,
C4, C6, CP5, CP3, CP1, CPz, CP2, CP4, and CP6) near the
primary/supplementary motor cortices were selected. Those
motor cortices located in central brain area were activated
when the subjects executed movements and imagined their
muscle movement [10], [44], [45]. Hence, we designed a deep
learning architecture as the input for selecting only twenty
related channels to avoid weights from learning poorly due
to unnecessary information from all channels. The EEG data
were downsampled from 1,000 to 100 Hz.
The kinematic data from the OPAL sensor were used as
the movement profile. In our experiment, the robotic arm
performed reaching tasks according to the directions given
in order to acquire the baseline velocity profile after the
sessions. Fig. 3(a) represents the arm trajectory information
for 3D multi-direction (left, right, forward, backward, up, and
down), obtained via the kinematic data of the robotic arm
movement. The trajectory information was used to compare
the reconstructed trajectory pathway with an arm trajectory
information for real-time control commands. Fig. 3(b) shows
the baseline velocity profiles for each axis and each direction.
The variable t denotes the time elapsed within the 4 s interval
and v is the value of measured velocity (cm/s) that ranges
from −5 to 5 cm/s. We adopted the velocity profile of the
kinematic information as the labels of the decoding model for
training.

E. Multi-Directional CNN-BiLSTM Network (MDCBN)
As the decoding method, we proposed the multidirectional CNN-BiLSTM network (MDCBN)-based deep
learning framework considering 3D multi-direction. The proposed framework took the form of a hybrid deep learning
model using the CNN and the BiLSTM (Fig. 4 and Fig. 5).
Conventional hybrid deep learning frameworks [46]–[48] have
been commonly trained to extract spatial features of brain
activities using a CNN and have been trained with temporal
information using LSTM networks [47], [49]. In contrast,
the proposed MDCBN framework was designed using a CNN
architecture to train the multi-direction information per axis
as pretraining and it used the BiLSTM network for training the relationships in the 3D space (x-, y-, and z-axes).
Furthermore, we designed the MDCBN framework based on
adopting a subject-dependent BCI approach in the training
stage. The intra-subject approach is one of those model generating strategies based on machine learning [18], [50], [51] and
deep learning [47], [48], [52]–[54] that lead to dramatic BCI
performance improvement according to each subject since a
large individual difference of EEG signals [18], [55]. Hence,
the proposed MDCBN model could train according to each
subject and evaluated the decoding performance in the offline
analysis and real-time experiment using each individual model.
Initially, we randomly selected 80% of the trials as a
training set and used the remaining 20% as a test set for
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Fig. 3. Baseline kinematic information for arm trajectory and velocity profile. (a) Trajectory information using the robotic arm movement profile.
(b) Velocity profiles for six directions per each axis.

Fig. 4. The flowchart of the CNN architecture pretraining the velocity profile for the representative subject N. The CNN trains for a positive or
negative direction according to the x-, y-, z-axis using the baseline velocity profile. The output features were flattened to become an input of each
BiLSTM cell for each axis.

performance validation. The entire dataset included 240 trials
comprising by 40 trials per each class. To avoid overfitting the
learning problem for a particular class, we selected the data in
a fair manner by using 80% of the data in each class as training
data and the remaining 20% as test data. Hence, the data from
192 trials (i.e., 32 trials×6 classes) were assigned for training,
and the data from the remaining 48 trials were designated
as test data for the improvement of decoding performance.
By use of the CNN architecture, the MDCBN was pretrained,

and the EEG signals per axis were able to represent the
positive or negative directions using the baseline velocity
profile according to the directions. Each axis of the CNN
adopted the principle of the DeepConvNet architecture [56],
which was modified to extract coarse features considering each
axis (Fig. 4).
During pretraining, the input data were EEG signals with
a fixed-size 20 × 400 (channel×time). The data were passed
through a temporal filter with a receptive field of 1 × 10 size
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Fig. 5. The flowchart of the BiLSTM network for predicting the velocity
profile of multi-direction. The BiLSTM network comprises LSTM cells
according to each axis, and the LSTM cells are able to reflect the properties of the xyz-plane in 3D space due to the BiLSTM characteristics.

and a spatial filter using a 20 × 1 receptive field. Then,
an average pooling layer was used to resize the convolution,
which had a 1 × 3 kernel size with a stride of 1 × 3. The
convolutional layers were set using the 1 × 10 receptive
field. Sequentially, the three convolutional layers (CONV I,
CONV II, CONV III) and the pooling layers were used to
pre-train the weight. The dense layer was set to classify the
positive and negative directions across each axis. Finally, each
of the 1 × 200 features from the x-, y-, and z-axes become an
input feature of each cell of the BiLSTM network. A sequence
of the features is represented on the x axis (axis = X, Y ,
and Z ) and the output of the BiLSTM is trained recursively
by activation of the units in the network with the following
equations for each axis:
i axis = σ (Wxi x axis + Whi h axis + Wci caxis + bi ),

(1)

faxis = σ (Wx f x axis + Wh f h axis + Wc f caxis + b f ),
(2)
caxis = faxis caxis + i axis ϕ(Wxc x axis + Whc h axis + bc ), (3)
oaxis = σ (Wxo x axis + Who h axis + Wco caxis + bo ),

(4)

h axis = oaxis ϕ(caxis )

(5)

where h axis is hidden vectors with the subscription axis and
i axis , f axis , caxis , oaxis denote the activation vectors of the
input gate, the forget gate, the memory cell, and the output
gate, respectively. σ is the sigmoid function defined as σx =
1
and ϕ is the hyperbolic tangent function. The variable
1+exp−x
W and b are the weight matrix and bias that need to be trained.
For considering the 3D space properties of the multidirection, we used the BiLSTM network to extract the features
according to the axis dependency rather than the timedependence (Fig. 5). Each 1 × 200 extracted features from
the x-, y-, and z-axes were fed into three memory cells in
a forward LSTM layer and a backward LSTM layer, respectively. Next, the BiLSTM network was trained by the principle
known as a coarse-to-fine approach. The features of the x-axis
appear at the beginning of the forward LSTM training, and the
properties of the y-axis and z-axis are sequentially trained into
the memory cells. Hence, the first memory cell of the forward
LSTM layer can train the features of the x-plane (1D) and,
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sequentially, the memory cells reflect the properties of the
xy-plane (2D) and xyz-plane (3D). The backward LSTM layer
trained the features of each axis in the same manner but in
the reverse order.
In this manner, the BiLSTM network can be trainned by the
3D information to predict the velocity profile according to each
axis. The forward and backward LSTM layers were set with a
0.5 dropout ratio. Each LSTM cell retrieves 300 hidden units,
therefore, the output of each forward and backward LSTM
has a size of 3 × 300, which includes all of the 3D space.
We used the fully connected layer with the rectified linear
unit to extract nonlinear features that were adopted between
the connected layers. Finally, we predict the velocity profiles
for each axis using a regression layer.
We performed 500 iterations (epochs) for the model training
process and saved the model weights and hyper-parameters
that produced the lowest loss of the test data.

F. Continuous Decoding Strategy for Online Experiments
For real-time robotic arm control in the online experiment,
we modified the MDCBN framework for the continuous
decoding of user intention. We first downsampled the EEG
data to 100 Hz and selected twenty EEG channels to be
used as model training. The spectral and spatial filters were
applied for each time window. The filters were the same as
those used in the model training. We set the sliding window
length to 4 s, and shifted it every 0.5 s. In the preprocessing
step, we first removed the artifact signals with respect to
electrooculography (EOG) activity from Fp1 and Fp2 channels
using ICA. Additionally, the parameters used in the model
training were equally applied for continuous decoding.
The predicted velocity profile of each time window was
validated using the baseline velocity profiles (Fig. 3(b)) of
the six directions. We calculated each Pearson correlation
coefficient (CC) between the predicted velocity profile and
baseline velocity profiles of the six directions. Each correlation
coefficient (r) was transformed using a sigmoid kernel function
(S(ri )) that can assign a high weight to values with a high
correlation coefficient (above 0.5). The S(ri ) is computed by
S(ri ) =

1
1 + exp−(order×(ri −0.5))

(6)

where i of the ri indicated the order of six directions,
i = 1 (left), 2 (right), 3 (forward), 4 (backward), 5 (up), and 6
(down). The order is eight, and the range of ri is [−1, 1]
such that a criterion of the function is 0.5. The kernel function
maximizes the likelihood of high correlation coefficient values
so that the sigmoid value of the directions for each window
were determined. Next, we computed the output probability
(Outi ) for decoding six directions using softmax functions
according to each window.
expS(ri )
Outi = 6
S(ri )
i=1 exp

(7)

To obtain the final decision to control commands, we calculated the average values of output probabilities for three
successive windows depending on each direction. Finally,
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Fig. 6. An example comparison between the baseline velocity (red line) and the decoded velocity (MDCBN: black line, KRR: green dashed line,
and LSTM: blue dashed line) for each movement session and imagery session from subject S1. Each decoded velocity was tested in 48 trials that
were not included in the model training.

we selected the direction with a maximum probability as the
final real-time robotic arm control command.
avg Outi =

1
3

3


Out i,window

(8)

window=1

Fi nal deci si on = max(avg Out i )

(9)

III. R ESULTS

A. Velocity Profiles Decoding for 3D Multi-Direction
Table II shows the decoding performance comparison on
the test data using the proposed MDCBN method and conventional methods: multiple linear regression (MLR) [57],
KRR [9], LSTM [58], ShallowConvNet [56], and EEGNet [59]. We measured the CC and the normalized root mean
square error (NRMSE) per axis for both movement session
and imagery session. The CC (r-value) is computed between
the predicted velocity profile using each method and the baseline velocity profile. In addition, we measured the decoding
performances (CC and NRMSE) for 3D axes, including the
x-, y-, and z-axes, to consider 3D control. For a better quantitative comparison between each method and the baseline,
we also performed a statistical analysis using the paired t-test.
All p-values were below 0.005 in our experiments.
Using the proposed method, the grand-averaged CC and the
NRMSE of the 3D axes were 0.4712 and 0.1780, respectively,
for the six directions in the movement session. In the imagery
session, the averaged CC and NRMSE were 0.4575 and
0.1685 across all subjects. In particular, subject S1 showed
the maximum CC values of 0.7650 and 0.7096 for each
session, thus reflecting a strong positive correlation between
the predicted value and the baseline value. Subjects S5 and
S4 showed the minimum performances for each movement
session (CC: 0.3198) and imagery session (CC: 0.2243),
respectively. However, most subjects showed a coefficient

Fig. 7. Convergence curve of the training error across all subjects for
each movement session and imagery session. The errors were calculated to extract the optimized parameters during the network training.

value that corresponded to greater than a moderate positive correlation (r≥ 0.4). Compared to conventional methods, the MDCBN method showed relatively high decoding
performances for both sessions. The ShallowConvNet and
EEGNet exhibited a high correlation among the conventional
methods, and the MDCBN exhibited a performance difference
of approximately 0.2 on the average (p ≤ 0.01). MLR,
a traditional nonlinear method, and KRR, a linear method
for regression analysis, showed very weak correlations of less
than 0.1. The LSTM method also exhibited low decoding
performance of less than 0.1 except for a few subjects in both
sessions. Additionally, the decoding performances using MLR,
KRR, and LSTM were significantly different when compared
to the performances of the proposed method (p ≤ 0.005).
Fig. 6 reports the decoded velocity profile of the axes
(x-, y-, and z-axis) for a representative subject S1 performing
both movement session and imagery session. The predicted
velocity profiles were evaluated using the test data set that
included all directions (20% of the entire dataset). The grandaveraged velocity of the movement session was used as the
baseline velocity profile for each subject. In the example
shown in Fig. 6, the decoding coefficients of the velocity
profile between the baseline and the proposed MDCBN
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Fig. 8. A brain-controlled robotic arm control system for two different online experiments. (a) Reach-and-grasp some objects (ball, cup, pen case,
and bottle) located in different directions. (b) Drinking a glass of water or beverage placed in the ‘left’, ‘forward’, and ‘right’ directions. The ‘backward’
direction was used for bringing cups or bottles to the mouth.

method had values of approximately 0.7458 (x-axis), 0.7933
(y-axis), and 0.6027 (z-axis) in the movement session. In the
imagery session, the values of the decoding coefficients were
approximately 0.9631 (x-axis), 0.6364 (y-axis), and 0.4691
(z-axis) per axis. For comparison with representative regression methods, the MLR method (blue dotted line) also showed
decoding coefficient values of the velocity profiles as being
less than 0.1 for all axes in both sessions. The KRR method
(green dotted line) showed the low coefficient values for the
velocity profile of −0.1444 (x-axis), −0.0022 (y-axis), and
0.0859 (z-axis) in the movement session and 0.0657 (x-axis),
−0.0827 (y-axis), and 0.0364 (z-axis) in the imagery session.

B. Convergence Process of Training Model
To observe the convergence process of the MDCBN for
training decoding model, the error change curves across all
subjects per session are shown in Fig. 7 along with the epochs.
In the training stage, the MDCBN learned the decoding information of six directions from EEG data. The data for model
training and verification were collected from only 240 trials
per each subject. However, the proposed MDCBN comprised
much shallow architecture than the other existing deep neural
networks. Therefore, despite using a single subject’s EEG
data, the proposed model could converge along with the
learning iteration. In this study, most of the subjects exhibited
convergence within 300∼400 epochs in the movement session
and imagery session.
C. Real-Time Robotic Arm Control Based on EEG
To validate the possibility of real-time robotic arm control
using the MDCBN model, we conducted two online experiments. Fig. 8 presents the experimental environments for
each online scenario. In the first experiment, experiment I,
the subjects were asked to perform reach-and-grasp tasks using
objects placed at various locations. The objects (a bottle, a cup,
a ball, and a pen case) were located along each base direction
of the home position for the robotic arm (Fig. 8(a)). In the

experiment II, the subjects were asked to drink a glass of
water or beverage. The cups and a bottle containing water
and other beverages were also placed at the various locations
along each direction. In this case, the subjects performed
‘backward’ imagination to bring the cups or bottle to their
mouth (Fig. 8(b)). A movement calibration process for the
pre-assigned positions was performed using the robotic arm
before the online experiments. All grasping motions of the
robotic arm were carried out automatically after the reaching
motions. Additionally, the scenarios of the experiments did not
require a ‘down’ command as a control command. However,
for a fair evaluation, the training model learned by data from
all six directions was used so that the ‘down’ decision was
evaluated as a misclassification.
To cover the real-time decoding performance of subjects
who showed insufficient decoding performance in the offline
analysis, we adopted a synchronized real-time paradigm
according to a single-trial. The subjects could focus on just
the single-trial that controls the robotic arm without having
to constantly concentrate during the experiment. In addition,
as mentioned in the ‘F. Continuous Decoding Strategy for
Online Experiments’ of II. MATERIALS AND METHODS
section, the final decisions as control commands were assigned
by using the class which was selected as having the highest
output probability over three sub-trial. Therefore, if the wrong
class showed the highest probability as one of the decoding
output, we could consider additional decoding outputs with the
highest probability within the rest of the sub-trial as the final
decision. The success rate of the entire experiment was defined
as the number of times that the task was performed thoroughly
without missing a motion during three runs (10 trials for each
run). Tables III and IV show the success rates of two online
experiments across fifteen subjects. In online experiment I,
the subjects showed a grand-averaged success rate of 0.60
(±0.14) across all subjects. The success rate of some subjects
(S2, S3, S5, S6, S8, S12, S13, and S14) improved as the
number of runs increased. Subject S3 had the best success
rate of the experiment and showed only one misclassification
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TABLE III
E VALUATION P ERFORMANCE FOR O NLINE E XPERIMENT I

TABLE IV
E VALUATION P ERFORMANCE FOR O NLINE E XPERIMENT II

Fig. 9. The decoded arm trajectory pathway of two online experiments
for subject S3. The trajectory pathway is indicated by different colors
per direction (left: red, right: green, forward: blue, up: black, backward:
yellow).

for each Run II and Run III. In the online experiment II,
the subjects showed a low success rate of less than 0.5 across
all subjects (Table IV). In this experiment, if the two reaching
tasks were executed by all correct commands, it was counted
as a success. The ‘left’, ‘up’, and ‘right’ tasks were used in
arm reaching, and the ‘backward’ task was used for raising the
cup or bottle to the mouth. The subjects presented a grandaveraged success rate of 0.43 (±0.09), and subject S13 showed
the highest success rate of 0.7 in Run II. However, most
subjects did not show a significant improvement in the success
rate over 30 trials, and they stated that it was difficult to
continuous imagine two motions involving for high-level tasks
in experiment II.
Fig. 9 presents the trajectory pathway reconstruction of the
predicted velocity profile through the online experiment for
representative subject S3. We mapped the velocity profile
to the 3D position dimension (3D axes) to represent the
arm trajectory pathway according to the direction. Subject
S3 achieved decoding performance of 0.6661 (CC) and 0.1362

(NRMSE) in the imagery session. Furthermore, in the online
experiments, subject S3 showed success rates of 0.87 and 0.56,
respectively. The decoded trajectory pathways were well distinguished according to the directions. Only one trial for ‘forward’ and one trial for ‘right’ were misclassified (Fig. 8(a)),
and several trajectory estimations of the ‘backward’ task
tended to be confused with the ‘left’ task (Fig. 8(b)).
IV. D ISCUSSION
In this study, we demonstrated the feasibility of healthy subjects operating a brain-controlled robotic arm that employed a
deep learning technique with a high DoF. The proposed deep
learning framework is based on the MDCBN that can robustly
decode multi-directional arm reaching from EEG signals.
In the offline analysis, the experimental results showed that
the proposed framework decoded the intuitive imagery more
accurately with higher performance than other methods for
both the movement session and the imagery session (Table II).
In addition, the success rates of the online experiments were
approximately 0.60 (±0.14) and 0.43 (±0.09), respectively,
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across fifteen subjects (Table III and IV). To the best of our
knowledge, this system is the first to adopt a deep learning
framework for EEG-based robotic arm control in real-time
3D environments, and the first to employ intuitive imagery
decoding for performing high-level tasks using the same upper
extremity.
Recently, BMI studies have attempted to decode user intention using a deep learning approach for several paradigms,
such as motor imagery classification [47], [52], [54], [56],
[60], event-related potentials (ERPs) detection [48], mental
workload [49], [61], [62], and emotion recognition [63]. For
robust motor imagery decoding of the natural interaction
between the brain and machine, Lei et al. [60] proposed an
effective walking imagery evaluation method based on the
virtual environment to elicit reliable brain signal activities.
Furthermore, a multiview multilevel deep polynomial network
(MMDPN) demonstrated discrimination performances comparable to networks using other deep learning frameworks in
the decoding of walking imagery. Zhang et al. [54] classified
binary motor imagery tasks (left hand and right hand) using
dataset III from BCI Competition II. They proposed a novel
deep learning approach with an empirical mode decomposition
method to effectively train two-layer deep networks (CNNs
and wavelet neural networks). Similarly, Wang et al. [47]
proposed a classification framework based on LSTM networks
with one dimension-aggregate approximation. They evaluated
the proposed method for four motor imagery tasks (left
hand, right hand, both feet, and tongue). To ensure a fair
comparison, they focused on a binary classification for each
group comprising the combinations for each class. Likewise,
Schirrmeister et al. [56] also used the BCI Competition IV
dataset for four classes. They proposed the Deep and Shallow
ConvNet frameworks for robust motor imagery decoding and
visualization. The framework considers not only the spatial
information of brain activity but also the spectral range.
These deep learning techniques have contributed to the
robust EEG decoding of different upper or lower extremity
movements despite poor signal to noise and spontaneous
potentials [64]. In contrast, in this study, we verified that
deep learning techniques could also be used for decoding
various intuitive imageries using only a single upper extremity.
Decoding various extremity movements from the single limb
using EEG signals is one of the novel and challenging issues
in the BMI field. A few recent studies have investigated multiclass approaches and trajectory prediction approaches using
machine learning techniques [30], [32]. Although these studies
have not achieved acceptable decoding performances for realtime control of BMI systems, they showed the possibility to
achieve high DoF and intuitive BMI control with an artificial
interaction that matched user intention with specific robotic
movements. Although it was impossible to directly compare
the present findings with previous works because of different
protocols and environments, our results demonstrated a high
decoding performance for various types of arm movements.
We achieved these results by decoding EEG signals corresponding to the same extremity (Table II). The proposed
MDCBN framework could possibly train the EEG signals by
simultaneously considering the velocity profiles of 3D space

information (Fig. 4 and Fig. 5). Additionally, we attempted
to adopt intuitive imagery decoding of the brain-controlled
robotic arm with a high DoF in real-time environments. However, the results revealed that higher decoding performance are
required to improve the accuracy of the online experiments.
Especially, the subjects S4, S8, and S14 showed a low CC
for 3D axes in the offline analysis compared to the other
subjects. Although the insufficient decoding performance,
they performed a real-time robotic arm control according to
the experiment I and experiment II. As results depicted in
Table III and Table IV, they showed the average success rate
as approximately 0.4 and 0.3 in both experiment scenarios.
In the real-time BCI environment, unreliable performance is
one of the critical problems. Especially, in the motor imagery
paradigm, the reliable decoding performance from subjects
is still difficult owing to without external stimuli. Hence,
in this paper, we designed a continuous decoding strategy
for improving real-time robotic arm control performance as
depicted in II. MATERIALS AND METHODS, F. Continuous
Decoding Strategy for Online Experiments. The strategy could
consider the nonstationary EEG characteristics during continuous decoding by calculating average output probabilities of
sub-trial according to the six-direction. Therefore, we could
avoid the outlier decision of output probability for the final
real-time robotic arm control command. Actually, according
to a few success-trial, not all three sub-trial were determined
as the same with the true label but the final decision is correct.
The continuous decoding strategy has affected on improving the system performance. However, it still needs more
enhancing decoding performance for all subjects in real-time
environments. We plan to adopt advanced deep architectures
into the proposed model for guaranteeing robust continuous
decoding performance when using more short time-series data.
In addition, a better training environment should be
designed, as the current training environment imposed a high
cognitive workload on the subjects due to the long training
time. Approximately 3∼4 hours is needed to collect EEG
data for calibration, including the training time for a deep
learning model. For this reason, some subjects performed well
in the training sessions but had a low success rate because
of their blurred attention in the real-time control sessions
(subjects S5, S7, and S15). This problem is quite common in
online BMI experiments. Thus, a few groups have attempted
to use a pre-trained decoding model on another day to reduce
the calibration time in using a large amount of EEG data
[65]–[67] or to design the training model using only a few
data samples [54]. Hence, we will investigate the design of a
deep learning architecture to apply adaptation learning using
only a few training data samples to solve this online BMI
problem. As one of the different approaches to better training
time for the online BCI system, inter-subject learning has been
developing. The inter-subject BMI system could be addressed
the rapid adaptation of a set of new subject’s samples. However, the problems of low performance and the necessity of
large dataset for reliable model performance exists. In this
study, one of the ultimate goals is the development of an intersubject brain-controlled robotic arm system with robust decoding performance. For the investigation, we have evaluated
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the decoding performance for inter-subject using leave-onesubject-out (LOSO) cross-validation in motor imagery data.
The results showed a low decoding performance as 0.08 for
grand average CC in 3D axes. Therefore, we plan to adopt
an advanced algorithm by referring to the state-of-the-art
[55], [67] of inter-subject learning.
V. C ONCLUSIONS AND F UTURE W ORKS
In this study, we presented a brain-controlled robotic arm
system based on the MDCBN-based deep learning framework.
We decoded the intuitive imagery of users with respect to
the arm reaching in 3D multi-direction (left, right, forward,
backward, up, and right) from EEG signals. The proposed
MDCBN framework was designed to predict the velocity
profiles considering the 3D axes (x-, y-, and z-axis) per
direction. We evaluated the framework in movement sessions
and imagery sessions across fifteen subjects. The experimental
results showed that the proposed network could predict the
velocity profiles of the arm reaching imageries in 3D directions
and could significantly improve its decoding performance as
compared to the other methods. Furthermore, we demonstrated
the feasibility of BMI-based robotic arm control through
online experiments in a real-time environment. This feasibility
has the potential to enhance rehabilitation effects and better
support daily life for patients by intuitive BMI control.
In future work, we plan to confirm that the proposed
framework can achieve stable decoding performance for many
sessions over multiple days. Moreover, we will modify the
proposed framework to allow training using fewer EEG data
samples so that the calibration time required for in real-time
BMI control is reduced. We believe that the brain-controlled
robotic arm system will contribute to developing real-world
BMI application techniques and to supporting daily life and
rehabilitation for elderly and motor-disabled patients.
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