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Abstract— In this paper, we propose a real-time human-robot
interface (HRI) system, where Electrooculography (EOG) and
Electromyography (EMG) signals were decoded to perform
reach-to-grasp movements. For that, five different eye movements (up, down, left, right and rest) were classified in real-time
and translated into commands to steer an industrial robot (UR10) to one of the four approximate target directions. Thereafter,
EMG signals were decoded to perform the grasping task using
an attached gripper to the UR-10 robot arm. The proposed
system was tested offline on three different healthy subjects,
and mean validation accuracy of 93.62% and 99.50% were
obtained across the three subjects for EOG and EMG decoding,
respectively. Furthermore, the system was successfully tested
in real-time with one subject, and mean online accuracy
of 91.66% and 100% were achieved for EOG and EMG
decoding, respectively. Our results obtained by combining realtime decoding of EOG and EMG signals for robot control show
overall the potential of this approach to develop powerful and
less complex HRI systems. Overall, this work provides a proofof-concept for successful real-time control of robot arms using
EMG and EOG signals, paving the way for the development of
more dexterous and human-controlled assistive devices.

I. INTRODUCTION
Over the last decades, human-robot interaction for rehabilitation and assistance has gained momentum [1] and
has continuously attracted many researchers and industrial
companies [2]. Highly autonomous robots have been used
in multiple industrial applications, such as disassembling
tasks and robot-cranes [3]. Apart from industrial sections,
robots have been utilized in different healthcare applications.
For instance, nursing robots [4], robots in gait rehabilitation for patients after stroke [5] and assistive telepresence
robots for elderly [6] have been widely used. Despite the
tremendous advances that have been made, various problems
persist [7] and the development of human-robot interfaces
(HRI) still needs further investigation of the capabilities of
human-robot collaboration when designing the interface to
produce desirable actions [8]. Many researchers have been
working on incorporating human bio-signals, as one of the
most important input signals that can be used to control
assistive robots [9]. Assistive robotics using signals that are
acquired from muscle activity (EMG) [10], brain activity
(EEG) [11] and eye movements (EOG) [12], [13], [14], [15]
have shown promising results. However, these systems still
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exhibit some drawbacks, such as complex and expensive
experimental setups, which makes transferring this into commercial products a challenging task [16]. Along the same
lines, using one unique signal for robot control limits the
number of degrees of freedom (DoF) that can be controlled.
In this context, many studies have been recently focusing
on combining multiple bio-signals to increase the number
of DoF when controlling assistive robots [17]. This has
therefore spurred research in designing hybrid HRI systems
[18]. In [19], authors integrated EOG, and evoked related
potentials. A comparison between different modes of robot
control including accelerometer data, EOG + EMG, EOG +
blink and EOG + ERD/ERS + blink in [16] showed that combining EOG and EMG offers a good compromise between
accuracy, ease-of-use, and number of DoFs for robot control.
Recent work by Zhang et al. combined EEG/EMG/EOGBased Multimodal Human-Machine Interface to control a
soft robot-hand in real-time [20]. The core contribution of
the work resides in designing an effective and powerful
HRI system based on real-time EMG and EOG decoding
for real-time control of different reach-to-grasp movements.
Although many previous studies have investigated combining
EEG and EMG signals for robot control [21], [22], [23], [24],
EEG signal still exhibits many problems and limitations,
such as low spatial resolution limiting the number of the
control commands that can be decoded [25] as well as
low to signal-noise ratio making them impracticable to use
in daily-life scenarios. Thus, substituting EEG by EOG
signals is thought to offer a better solution for more robust
and real-time human-robot interaction. In this work, we
underpin the real-time capabilities of the proposed system
by demonstrating the successful online control of a UR-10
robot arm (universal-robots). Our system (shown in Figure
1) can be extended to classify more complex movements, en
route to designing a powerful, effective and reliable HRI for
disabled and elderly people. The remainder of this paper is
structured as follows: the first section describes the designed
experimental paradigms as well as data acquisition, the
second section shows offline EOG and EMG classification,
the third section describes the real-time signal decoding,
the real-time setup as well as the robot control part are
described in section 4, and we enumerate the strengths and
weaknesses of the designed system and propose possible
future improvements in the last section.
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Fig. 1. Overview of the real-time developed HRI system. EMG and EOG signals were decoded in real-time and the decoded information was translated
intol commands to control a UR-10 robot in order to perform complex reach-to-grasp movements.
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Fig. 3. A shows the animations with timings of two consecutive trials
showed to the subject while recording EMG signals. A trial is divided into
five sub-trials, where each trial is recorded as a sampling window of two
seconds. B shows the electrode placement for the EMG recording. The
ground electrode was placed on the elbow. Two electrodes CH1+ and CH2+
were placed on top of the forearm forming a channel for bipolar recording.
C shows recorded EMG data. When the subject forms a fist higher activity
can be observed.
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Fig. 2. A shows the paradigm for recording trials used to train the EOG
classifiers. For each trial, a window of two seconds is sampled. For the
first half second the screen is black, then a uniformly selected cue in the
form of an arrow appears at the position where the subject is expected to
look at, or the screen stays empty for classification of relaxation. The cue
disappears after one second and is followed by a black screen for another
half of a second. A short tone marks the start of a sampling period. B
shows the electrode placement on the subject. One ground electrode was
placed in the middle of the forehead. The electrodes CH1+ and CH1- were
placed on the right of the subject’s right eye and left of the subject’s left
eye respectively. CH2+ and CH2- were placed on beneath and on top of the
subject’s right eye. C shows the filtered subtracted signals of the horizontally
placed electrodes for left and right eye movements and the vertically placed
electrodes for up and down eye movements.

II. M ETHODS
A. EOG & EMG signals recording and acquisition
EOG and EMG signals were recorded from three healthy
subjects (two males and one female) using the g.USBamp
system (G.tec medical engineering GMBH, Austria) with
a sampling frequency of 1200 Hz. Subjects were between
22 and 27 years old and claimed to have no record of
neurological disorders. The three subjects were recruited to
perform four different eye movements (up, down, left, and
right) by following a pointing arrow on the screen during the
training phase (EOG task), as well as to perform one hand
movement, namely power-fist followed by a relaxation phase.
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III. R ESULTS
A. Offline results: EOG data classification
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The pointing arrow (cue) was randomly displayed and was
selected from a discrete uniform distribution. All recording
sessions took place in the lab and yielded a total of 150 and
400 trials for EOG and EMG signals, respectively. For EOG
signals, 30 trials for each direction were recorded (including
the rest phase/no movement) forming the total number of
150 trials. For EMG, 200 trials for each condition (powerfist vs rest) were collected yielding to the total number of
400 trials. One pair of electrodes, which cover the muscles
of the forearm (flexor and extensor carpi radialis) in a
ring-like fashion were used, and the reference electrode
was placed on the elbow bone. It should be noted that
liquid-gel ECG electrodes (model: 5048 mm) were used for
EMG recording. The open source library mushu [26] was
used for data acquisition and both EMG and EOG signals
were thereafter processed using the gumpy.signal module in
the gumpy BCI toolbox [21]. For that, EOG signals were
band-pass filtered between 1 and 22 Hz using a 4th order
zero-phase Butterworth filter, whereas EMG was band-pass
filtered between 30 and 500 Hz using the same filter. Both
signals were notch filtered at 50 Hz to remove the power
line interference [21]. The designed experimental paradigms,
electrode placement and recorded signals for EOG and EMG
are shown in Figure 2 and Figure 3, respectively.
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Fig. 5. Feature space showing the different eye movement trials after
performing PCA.

features (a subset of the initial features) using a 10-fold cross
validation. Only the selected features were then used to train
a k-nearest neighbors (KNN) classifier. We wish to mention
that two different KNN models were trained to classify EOG
signals. The first one was served for detecting if there is an
eye movement or not (rest vs eye movement). If an eye movement was detected, a second classifier was trained to classify
the different directions of eye movement (up, left, right, or
down), and hence deciding on the robot’s target direction. It
is worth noting that 10-fold cross-validation was used during
the validation phase to evaluate the model’s performance.
Figure 4 shows the classification results for the three different
subjects. Overall, we achieved an average success rate of
97.91% ± 3.22%, 89.92% ± 8.66% and 93.04% ± 7.69% for
the three subjects, respectively, yielding a mean accuracy
of 93.62% across the three subjects, when recognizing the
different eye movements. A principal component analysis
(PCA) was performed (n components=2) to visualize the
different classes and results are depicted in Figure 5, which
shows that most eye movements trials are highly separable,
except the left and right which were also confused during the
real-time test. It should be mentioned that the mean balanced
accuracy (bACC), where the average of correct predictions
for each class was computed and used.
B. EMG signal classification

S3

Subjects

Fig. 4. Bar plot showing the mean validation accuracy for each subject
with the standard deviation.

1) EOG signal classification: Filtered EOG signals were
analyzed using two sliding windows (from 0.0s to 1.5s, and
from 0.5s to 2s). The length of the sliding window was
chosen for the purpose of allowing real-time control. For
each sliding window of 1.5s, four different features, namely
minimum value, maximum value, variance and threshold
crossing count (crossing positive and negative threshold)
were extracted and were used for training, as well as for
the movement classification in real-time. A feature selection
algorithm (SFSF) [27] was used and trained to select the best

The mean absolute value and the sum of absolute discrete
differences were used to extract features from EMG signals.
Those two features were extracted from different consecutive
overlapping windows within a time window of two seconds.
The overlapping windows had a size of 0.2 seconds and
overlapped with their neighbors for 0.04 seconds. The same
sequential feature selector algorithm was used to choose
features for training a KNN classifier with 10 fold crossvalidation. As this is a binary EMG classification task,
signals were correctly classified during the validation as well
as in the test phase with 100% accuracy.
C. Real-time signals decoding
After the validation of the proposed system offline, we
used a UR-10 robot with an attached gripper to test the
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Fig. 7. Robot Interface: The robot interface to control the robot’s actions
is implemented in ROS, where two ROS services have been implemented.
The first one to control the arm motions, using a State Machine SM , and
the second one to trigger the gripper states (open/close). The EOG decoder
executes the Reach Movements P (i), and the EMG triggers the Gripper
States G(j). The Reach Movements are divided into a sequence of endeffector positions (xefg (k)) triggered by a State Machine.
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Fig. 6. Confusion matrix for the real-time test showing that left and right
were the only classes confused during the online phase.

proposed system online. For that, the subject had to perform
one of the four different eye movements to control the
robot to perform a reach movement as described in table I.
EOG signals are acquired in real-time, processed, classified
using the saved offline model and decoded information was
thereafter translated into commands to move the UR-10 robot
towards the right direction (an online demo is shown in
the supplementary video S1). Once the robot reaches the
target object, the subject flexes his muscles, EMG signals
are processed, classified in real-time using the saved EMG
classifier and the attached gripper to the UR-10 robot arm
performed the grasping task. Overall, an online accuracy
of 91.66% and 100% were, respectively, obtained when
classifying EOG and EMG signals using one single subject.
The confusion matrix in Figure 6 shows that down and up eye
movements were always correctly classified, whereas the left
and right movements were sometimes confused during the
test phase. For the EMG online classification, all performed
fist movements were correctly classified. Table I summarizes
robot’s and subject’s different actions.
TABLE I
S UBJECT ACTION TO ROBOT ACTION MAPPING
Signal
EOG

EMG

Subject’s Action
look left
look up
look right
look down
rest (idle state)
grasp
relax

of G(j), the client triggers two possible gripper actions
open and close. These actions are directly transformed into
gripper commands by the Gripper Driver, which, in turn,
are transformed into digital outputs (DI/O) by the URScript running in the UR-Control Unit. For the Arm actions,
the Decoder selects a specific Reach Movement P (i) using
the classification of the EOG signals. The selected P (i) is
sent to the Arm Driver using a ros-client. The ros-service
implemented in the Robot Interface maps the desired P (i)
into a predefined end-effector state (end-effector position
xefs (i)). This position xefs (i) is used in a State Machine
(SM) to trigger the different end-effector goals xefg (k).
These goals are used as desired positions in a Cartesian
controller. Then, the output of the Cartesian controller is
transformed into joint velocity commands [28] and sent to
the robot using the UR-Script.
1) Cartesian Control: To control the robot end-effector,
we implemented a second order sliding mode controller in
the Cartesian space defined as:
τ = −Kd Sq + Yr Θ ∈ Rn
KdT+

(1)

n

n

∈ R and Yr Θ ∈ R is the robot
where Kd+ =
regressor. The joint error surface Sq is defined as:
Sq = q̇ − q̇r ∈ Rn

(2)

where the joint velocity reference q̇r ∈ Rn is given as:

Robot’s Action [P (i)&G(j)]
move up left
move up right
move down right
move down left
no movement
close gripper
open gripper

q̇r = J(q)−1 ẋr

(3)

and the Cartesian velocity reference ẋr is given as:
Z
ẋr = ẋd − Kp ∆x + Sd − Ki1

D. Robot interface
The robot interface used to connect the Decoder with
the robot controller is depicted in Figure 7. The Decoder
uses two ros-clients to trigger the Robot’s Actions, namely
Reach Movements P (i)and Gripper States G(j). In the case

t

t0

t

Z
Sδ dζ − Ki2

tanh (µSδ ) dζ
t0

(4)

with tanh (µ•) as a smooth approximation for the function
sign(•), and µ > 0 ∈ R. Kp , Kij > 0 ∈ R6×6 , j = 1, 2.
The Cartesian error manifold Sδ is

(5)
Sδ = S − Sd = (∆ẋ + Kp ∆x) − S (t0 ) e−κt
with the Cartesian position error defined as:
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∆x = x − xd ∈ R6

(6)

where ∆ẋ = ẋ − ẋd is the Cartesian velocity error, where xd
and ẋd stands for the desired Cartesian pose and velocity, respectively. The desired Cartesian pose xd ∈ R6 is composed
of a desired position vector xefd and a desired orientation
vector θefd ∈ R3 , which is obtained using the Euler angles
representation Z-Y-X. In our particular case, the goal is
to keep the orientation of the end-effector constant, i.e.
θefd (t) = θef (0). The position of the end-effector depends
on the Reach Movement P (i) triggered by the EOG/EMG
Decoder. The discrete movement obtained from P (i) is
transformed into a set of end-effector goals xefg (k) ∈ R3 ,
where k is defined by the State Machine SM , see Figure
7. Then, we generate a continuous desired trajectory using a
spline function for each xefg (k).
2) Spline End-Effector Trajectory xefd : To generate a
smooth trajectory from the initial desired Cartesian position
xefi ∈ R3 to the goal position xefg (k), we employ the
following trajectory generator:
xefd = a1 x̄ef + xefi , ẋefd = a2 x̄ef

(7)

where x̄ef = xefg (k) − xefg (k − 1), with xefg (0) = xefi =
xhome .
The coefficients ai are defined as: a1 = 10r3 −15r4 +6r5 ,
a2 = (30r2 − 60r3 + 30r4 )/(tf ) and a3 = (60r − 180r2 +
120r3 )/(t2f ), where r = t/tf is a time ratio between the
current time t and the desired total time tf . This function
guarantees a smooth trajectory that satisfies the constraints
xefd (0) = xefg (k − 1), xefd (tf ) = xefg (k) and ẋefd (0) =
ẋefd (tf ) = ẍefd (0) = ẍefd (tf ) = 0 ∈ R3 . The discrete
movements P (i) are a set of predefined Cartesian positions
x(i) ∈ R3 . The robot’s end-effector continuous trajectory
χ(t) is generated using polynomial interpolation between
two positions u and v of that set, see eq. (11).
t − t0
∆t
∆t = tf − t0
r=

4

(8)
(9)
5

6

p(t) = 35r − 84r + 70r − 20r
χ(t) = p(t)∆x(k) + x(v),

7

(10)
(11)

with t0 and tf as the initial and final time for the trajectory,
and ∆t defines the total time of the trajectories, in our case, it
was set to 10s. ∆x(k) = x(u) − x(v), where the indices u, v
are the target defined by the SM, depending on the desired
action. Each action takes 30s since the robot has to move to
three different stations, namely, home, reach, and target.
IV. D ISCUSSION
In this work, we propose a human-robot interface based
on EMG and EOG decoding to control reach-to-grasp movements of a UR-10 robot arm. Overall, our results show
that we could successfully classify both signals with more
than 90% accuracy across three different subjects and we
underpin the real-time aspect by showing the successful
online control of the robot arm. To the best of our knowledge,
this experiment is among the very few, if not the only one,
to demonstrate the real-time control of robot arms using

decoded information from EMG and EOG signals. Nonetheless, the proposed system still has some limitations that
should be addressed in future work, in order to investigate to
what extent this approach could be generalized across many
subjects, including elderly and disabled people, to further
verify the robustness of such a system when used in reallife scenarios, as well as to extend the proposed approach to
classify more complex reach-to-grasp movements.
A. Limitations
First, this experiment was solely tested on healthy subjects
and no experiments with elderly or disabled people were
performed. Hence, it remains questionable whether a similar
performance could be obtained when testing with patients.
Furthermore, we wish to mention that the subject had to be
trained to correctly and repetitively perform the different eye
movements prior to the recording. Therefore, generalizing
the developed approach across many subjects would be a
challenging task. Aside from that, we noticed that sweat or
slight changes in the electrode’s position during recording
and the difference between muscle tissues of the participants
drastically decreased the quality of the recorded sEMG
signal and therefore deteriorate classification accuracy. For
example, the classification accuracy dropped significantly
when testing on the female participant (subject 2 in our
analysis) and a validation accuracy of only 89.92% was
attained compared to more than 97% and 93% for subjects
1 and 3, respectively.
B. Future work
Overall, the proposed system presents a proof-of-concept
for the development of a powerful human-robot interface,
which relies on the combination of EOG and EMG decoding
to steer an industrial robot arm to perform reach-to-grasp
movements, such as grasping and sorting objects in a shelf.
As future work, we will consider using the proposed system
to classify additional eye movements (e.g. blinking) and extra
hand gestures from EMG signals, and hence increase the
total number of control commands of the robot. Aside from
that, the gel-based electrodes used in the experiments were
reported by the three subjects as uncomfortable for long-term
use. That’s why we are currently performing other experiments with new customized, stretchable graphene sensors
(human skin-like sensors), which can increase durability and
wearability [29] [30]. Last, as the proposed system does not
provide any sensory feedback to the user about the grasped
object, such as temperature or stiffness, it would be important
to investigate the artificial robot skin [31] capabilities to close
the loop from controlling to feeling. Thus, integrating such
technologies with our proposed approach could make such a
system more practical and hence speed up the development
of more powerful and reliable HRI and brain-computer
interface systems.
V. CONCLUSIONS
This paper proposes a human-robot interface system based
on the real-time decoding of EOG and EMG signals to
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control reach-to-grasp movements using an industrial UR10 robot arm. The system was tested with three different
healthy subjects in the validation phase and one subject
during the online phase. Overall, we obtained a mean validation accuracy of 93.62% and 99.50% for EOG and EMG
classification, respectively, and online accuracy of 91.66%
and 100% during the online phase. We demonstrate the realtime capability of the proposed system by showing successful
control of the robot arm using decoded information from both
signals.
VI. S OURCE CODE AND DOCUMENTATION
All source code of this work is released under the MIT
license and is made publicly available under https://
github.com/spebern/eog-emg.
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