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Abstract—Brain-computer interface (BCI) has been widely
used to capture electrical signals generated from the brain. One
of the most commonly used methods in the BCI system is the
electroencephalogram (EEG). However, processing brain
signals is challenging and requires a lot of computation
processes. This study selected single-channel EEG as the input
command for a portable soft exoskeleton glove system. This
research aims to develop an affordable soft exoskeleton glove
driven by single-channel EEG for people with impaired hand
motion. We proposed an intuitive control method that feels
more natural by imagining hand movements. Eighteen healthy
participants underwent EEG data collection while their brain
activity (attention level) was measured under four controlled
conditions: listening to preferred music with lyrics, listening to
disliked music, pre-workout state, and post-workout state.
These variations in attention level, mood, and physical exertion
influenced the measured EEG signals to drive the soft glove. T-
test was applied to determine the significant difference for noise
environment and physical variation tests. Those EEG signals
are used to drive the linear actuator and provide mechanical
assistance. Simple on/off control was embedded in the soft glove
microcontroller to control the finger flexion/extension based on
the EEG signal as a command. The result shows that the
proposed wearable soft exoskeleton glove driven by EEG signal
can be a potential assistive device for people with hand
impairment. The speed for the soft glove was 3 seconds to close
completely from a fully open. For optimal performance, this
system needs to be used in a calm and distraction-free
environment when the user is well-rested.

Keywords—Embedded  Control;  Fabric;
Exoskeleton Glove; Brain-Machine Interface.

EEG; Soft

I. INTRODUCTION

A wearable exoskeleton robot is an assistive device that
various researchers around the world have developed. Robot
exoskeletons are widely used to provide mechanical support
for both the upper and lower limbs. In the upper limb
exoskeleton, this wearable robot assists hand movements
such as the elbow or fingers of the user who cannot move
normally. There are two types of exoskeletons based on the
material used, i.e., hard exoskeleton and soft exoskeleton.
Hard exoskeleton design technology has rapidly grown as a
movement-assistive device and therapy kit. EksoVest is a
passive upper-body exoskeleton with a moment and hinge
mechanism developed by Ekso-BIONICS [1]. CAREX-7 was

another hard exoskeleton supporting a total of 5 degrees of
freedom (DOF) movement for the upper-limb torso with 3-
DOF motion and shoulder and elbow with 2-DOF motion [2].
In addition to hard exoskeleton products as movement-
assisting devices, there is also hard exoskeleton as a
rehabilitation devicee. NEUROExos was a 4-DOF
rehabilitation device for a motor disorder called spasticity [3].
Researchers utilized 3D printers for constructing the
exoskeleton material and linkage system to minimize the
weight [4], [5], [6], [7], [8], [9], [10], [11], [12], [13], [14],
[15], [16]. By applying it, a lightweight and affordable hard
exoskeleton could be manufactured.

However, hard exoskeletons are challenging to attach and
align, especially for different hand sizes of users. Therefore,
researchers developed a soft exoskeleton hand for easy
attachment and detachment to overcome this issue. It is safer
and lighter compared to hard exoskeletons. Researchers
employ pneumatic/hydraulic networks [17], [18], [19], [20],
[21], [22], [23], [24], [25], [26], motor-tendon [27], [28],
[29], [30], [31], [32], [33], [34], [35], [36], [37], and shape
memory alloys (SMA) [38], [39], [40], [41], [42], [43], [44],
[45]. Most developed soft exoskeleton hands were utilized to
support finger flexion and extension and rehabilitation [46].
Soft exoskeleton products are available on the market and are
often used for physical training and rehabilitation.
Exoskeleton actuated by the soft modules (EAsoftM)
proposed an active exoskeleton with active and passive joints
to compensate for gravity and a rotating shoulder [47]. Soft
exoskeletons are typically made from textiles or other flexible
materials, making them lighter and more comfortable to wear.
They pose a lower risk of injury compared to hard
exoskeletons. To enhance the wuser experience of
exoskeletons, researchers are investigating sensors that can
capture brain or muscle activity, enabling more intuitive and
comfortable control.

Electromyography (EMGQG) sensors are commonly used in
wearable robots such as prosthetic hands and exoskeleton
hands. In prosthetic hands, EMG is applied to measure
muscle activity in the remaining hand of a user whose hand
has been amputated. The EMG reads muscle activity and
generates signals according to hand movements. Researchers
used machine learning to classify hand movements and
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provide classification results for hand movements in
prosthetic hands [48], [49], [50]. The studies show that
machine learning or deep learning can classify hand
movement classification with high accuracy.

For people with hand disabilities such as hand paralysis,
brachial plexus injury (BPI) or persons who cannot use their
arm or hand, muscle movement is very challenging to
measure using the EMG sensor because they cannot move
their hand muscles. Therefore, the electroencephalography
(EEG) sensor is suitable for patients who cannot move their
hands. Exoskeleton robots can be used for patients with hand
paralysis by using commands from the EEG sensor. Research
related to the BCI system hand glove had been done with a
product called the hand Exoskeleton for Rehabilitation
Objectives (HERO), which incorporated a textile-associated
3D printing technique to produce a lightweight and wearable
device [51]. This research utilized common spatial pattern
(CSP) and linear discriminant analysis (LDA) classifiers to
detect two classes where research volunteers were instructed
to relax the Hand (Class 1) and perform a right-hand
movement (Class 2). Other BCI-based soft exoskeleton
gloves are used in stroke rehabilitation. The rehabilitation
system is built like a visual game according to activities of
daily living where participants move objects while EEG
signals are being recorded [52], [53]. EEG sensors detect the
brain waves categorized into delta, theta, alpha, beta, and
gamma waves [54]. Delta wave is recognized during sleep
with a frequency lower than 4 Hz, meanwhile, in the state of
meditation and a relaxed mind, the EEG sensor detects the
signal into theta and alpha waves. Beta waves are recognized
when the brain is in full concentration mode [55].

Commonly, the EEG sensors that have been used
previously are an EEG with more than one channel, and the
price is relatively unaffordable for most people (around 1,000
USD). It can detect and measure delta, theta, alpha, beta, and
gamma waves. In addition, machine learning or deep learning
algorithms are needed to classify the hand movements
desired by the user/wearer using their brain signal [56], [57],
[58], [59], [60], [61], [62], [63], [64], [65], [66], [67], [68],
[69], [70], [71]. Online movement recognition with multi-
channel EEG needs a high and complex computation process.
However, personal computers/laptops or single-board
computers (SBC) were widely added for EEG system
recognition for driving the hand exoskeleton instead of
embedded systems. These kinds of systems usually are large,
and bulky, and need external computers for feature extraction
and classification using online machine learning or deep
learning. This large and complex exoskeleton system has two
drawbacks: it's not portable and it's not user-friendly in terms
of wearability.

Therefore, developing and integrating a soft exoskeleton
glove and single-channel EEG with a low-cost and small-size
microcontroller will be significant for the portable and
lightweight exoskeleton glove system. By achieving a
portable soft exoskeleton glove based on EEG, the user can
wear it easily and comfortably. Recently, EEG devices have
become more portable and user-friendly, allowing for real-
time data collection, and robotic control. Single-channel EEG
offers simplicity and portability for simple tasks, while multi-

channel EEG provides spatial resolution and accuracy for
more complex tasks.

The main contribution of this study is an intuitive control
and simple method that allows for natural control through
imagined hand movements based on single-channel EEG,
which is applied to drive the soft exoskeleton glove. Fabric-
based exoskeleton robots will be developed because it is easy
to attach, detach, and align. Moreover, it is comfortable for
the user to wear. The proposed fabric-based exoskeleton
glove offers a compelling alternative for situations that
prioritize comfort, affordability, and ease of use. The single-
channel EEG is integrated with the developed soft glove
using a custom Bluetooth communication device for a simple
communication interface. Because EEG is vulnerable to
noise, 18 study participants are involved in studying the effect
of noise sound (music) and fatigue to find the optimum
utilization environments. The soft glove is controlled using
embedded on-off control based on the feedback from the
linear potentiometer on the linear actuator. When the soft
glove is controlled using single-channel EEG, the grasping
force generated during flexion motion is measured for
providing mechanical grasping assistance. This system
allows a wuser to modulate grasping force during
flexion/extension for improved mechanical assistance.

1L MATERIALS AND METHODS

A. Single Channel EEG

This study selected the Neurosky Mindwave headset as
the affordable EEG sensor. It can measure 12-bit raw
brainwave data (3-100 Hz) with a sampling rate of 512 Hz.
Two signal values are generated from single-channel EEG,
namely attention and meditation. Attention signal is the focus
of this research to be extracted as a soft glove input signal
command. Attention level is presented as a score/value from
0 to 100, indicating the intensity of the user's "focus" or
"attention" level. The level of attention increases when the
user focuses on a single thought or external object and
decreases when he/she is not focused. Attention levels were
categorized into five levels: poor attention, lack of attention,
neutral, high enough attention, and full attention. Attention
levels at neutral are considered normal concentration levels,
while attention levels at less and poor are lower than normal.
Attention levels above neutral levels indicate the person has
a higher current concentration level. People with "full
attention" levels ranging between 80 and 100 have very high
concentration levels. These attention level categories are
summarized in Table I.

TABLE I. ATTENTION LEVEL ON SINGLE CHANNEL EEG [72]

Attention level Classification
1-19 Poor Attention
20 -39 Lack of Attention
40 -59 Neutral
60 -79 High Enough Attention
80 - 100 Full Attention

Many external factors can affect the value of attention,
such as age, gender, noise, background music, fatigue,
illness, and many others. This study took several samples
from several study participants who were tested for their
attention level. The factors tested in this study include
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background music, noise, and fatigue after working out. The
study participants consisted of 18 people, namely nine males
and nine females (age = 24.3 years, SD=7.6). All study
participants were physically and mentally healthy and had
eaten before the EEG measurement. Tests were conducted
between 10 a.m. and 2 p.m. in a closed, air-conditioned room
to reduce external noise or interference. A day before the test,
participants were advised not to drink alcoholic and
caffeinated beverages first. This study utilized adult study
participants to minimize the influence of factors such as
incomplete brain development or age-related cognitive
decline on the EEG. The list of study participants who
participated in this research is summarized in Table II.

TABLE II. LIST OF PARTICIPANTS IN EXTERNAL FACTOR TESTING

Participant Gender Age Occupation
A Female 15 Student
B Male 15 Student
C Female 16 Student
D Male 17 Student
E Female 17 Student
F Male 18 Student
G Female 22 College student
H Male 22 College student
1 Female 23 College student
J Male 23 College student
K Female 23 College student
L Male 23 College student
M Female 31 Worker
N Male 35 Worker
(6] Female 33 Worker
P Male 34 Worker
Q Female 36 Worker
R Male 35 Worker

Music has a substantial effect on a person's behavior and
attention. Many researchers have studied the impact of music
on human behavior, such as eating, drinking, and
psychological behavior. A study of work concentration levels
and background music showed that people who listened to
music during an attention test had highly variable scores on
an attention test. This study explores how background music,
with likes and dislikes, affects one's attention performance.
In this test, participants were asked to listen to two songs. One
song is a song the participants like, and the other is one that
the participants do not like. While listening to the song,
participants will be asked to work on math problems provided
previously, and their attention value will be measured using
a Mindwave headset for 80 seconds. This test is conducted
for 1 trial for each study participant.

When people become tired due to work or daily activity,
they will usually complain and find it difficult to concentrate
and focus their attention on the tasks they have to do. The
value of attention is affected explicitly by physical and
mental fatigue, and attention is a key feature of dynamic
human behavior. Therefore, the attention value measured by
the EEG was tested after the study participants did some
physical exercises. Participants were asked to run on a
treadmill for 10 minutes in this test. After running on the
treadmill, they were asked to work on the math problems
while their attention was measured using the single-channel
EEG. This measurement of EEG signal for pre-workout and

post-workout was conducted for 1 trial for each study
participant for 80 seconds.

B. Soft Exoskeleton Glove System and Control

In this study, the wearable assistive soft robotic glove
aims to assist people with BPI or impaired hands in daily
activities such as grasping and lifting objects. Compared to
the hard exoskeleton, the advantage of this type of wearable
assistive soft robotic glove is that it is more comfortable to
use and can adapt well to wrap/align to the hands of
users/wearers [17], [29]. Therefore, the glove does not injure
the user in performing daily activities. In addition, because it
is made of SR-10 fabric, this glove can be washed and
cleaned. The prototype of the wearable assistive soft robotic
glove can be seen in Fig. 1. The developed fabric-based soft
exoskeleton glove system can be attached and detached easily
from the user. The linear actuators are attached between the
hand and elbow, while the battery and controller units are
placed between the user's shoulder and elbow. Because it is
lightweight and small and comprises actuators, batteries, and
a controller, the user can wear the soft glove system
comfortably.

Battery and
controller

Linear actuator
L12-P

N

Fabric soft
glove

Tendon sheath

(b)

Fig. 1. Fabric-based soft exoskeleton glove, (a) Soft glove prototype, (b)
The glove worn by a study participant

The prototype of the wearable assistive soft robotic glove
that has been successfully developed will be given input in
the form of an EEG signal (attention level). Linear actuator
L12-P with a linear potentiometer position sensor with a
closed length of 152 mm and the maximum voltage of 12
volts (Actuonix, Victoria, BC, Canada) was selected as the
primary actuator for the soft glove due to it is relatively small
compared to the pneumatic or hydraulic system. It converts
rotational motion by an electric motor into linear motion to
drive the soft glove. The maximal stroke of the linear actuator
is 5 cm and the maximum speed (no load) is 24 mm/s. This
stroke is sufficient to drive the developed soft glove for finger
flexion and extension motion. The design of the soft glove
can be seen in the previous research [73].

The schematic of the hardware from the EEG to the soft
robotic glove can be seen in Fig. 2. The EEG signal was
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obtained by an Arduino microcontroller equipped with a AROUING M~ 08647

Bluetooth receiver. It sent the signal to the soft glove VAVAN y’ P ons [0
Pin: AO EEG

controller through an analog signal. L293D driver motor was
selected to provide bidirectional drive currents for extending
and retracting the actuator stroke. This system employed two
linear actuators on the soft glove to actuate the soft glove
extension and flexion motion. The motions from the linear
actuator were transferred using a tendon sheath to drive the
soft glove fingers.

PC with MATLAB/Simulink
4 -

Soft exoskeleton glove

Linear actuator driver and
controller

Wireless EEG signal receiver

Single channel EEG

Fig. 2. Proposed hardware for the soft exoskeleton glove

This study implemented a modified on-off control with
dead-zone value to extend or retract to the desired stroke
displacement on the actuator. The proposed modified on-off
control with a dead-zone value could increase the system's
longevity, reduce the switching control (smoother response),
and reduce power consumption. Because the signal coming
from EEG was noisy, the attention signal as the linear
actuator's input command was filtered using a discrete first-
order low-pass filter to smooth the input signal as written in
equation (1). It is easy to implement with basic mathematical
operations and computationally efficient, making it suitable
for real-time applications.

The signal conditioning input block diagram is depicted
in Fig. 3. Simulink Support Package for Arduino Hardware
was utilized for an embedded control system on the Arduino
Nano microcontroller. The measured EEG signal was sent to
the soft glove via Bluetooth device. The minimum (0) and
maximum (100) values from the EEG were converted to the
minimum (0 cm) and maximum (5 cm) displacement strokes
for driving the finger flexion and extension. Modified on-off
control, regulates the motion of the linear actuator stroke
based on the EEG signal input. The overall block diagram of
the modified on-off controller for the soft glove is presented
in Fig. 4(a). The overall control block for the soft glove was
developed under Simulink, as shown in Fig. 4(b). The speed
for extending and retracting the linear actuator stroke was
provided with a supply voltage of 6V (max PWM value of
255). The linear actuator was commanded to stop if the
displacement error was between -0.05 cm and 0.05 cm, as
depicted in Fig. 4(c) (dead-zone block), to reduce the
oscillation in the on-off feedback control.

Discrete Transfer

EEG signal Function

command
Fig. 3. Block diagram for EEG signal filtering

The figure for the soft exoskeleton glove worn by a user
is depicted in Fig. 5. The glove is comfortable and
lightweight; therefore, a user can wear the glove without
fatigue for a long time usage. For the finger extension, the
linear actuator stroke was set at 1.3 cm while the finger
flexion was adjusted at 5.7 cm of linear actuator stroke. Each
linear actuator was utilized for finger flexions/extensions
(index, ring, and middle). The thumb was fixed at a particular
position as shown in Fig. 5.

C. Grasping Performance Measurement

The grasp force test on the glove was carried out to
determine how much force was generated on the fingertips
when using a wearable assistive soft robotic glove. Before the
grasp force test was carried out, several pieces of supporting

equipment were developed for the test. A 10 k Q resistor was
selected to process the output voltage from a force-sensing
resistor (FSR) sensor. The accuracy and reliability of the FSR
sensor measurements are affected by nonlinearities and
temperature. The output voltage (7, ) can be computed using

Equation (2). R, Vin, and Rrsr are the selected resistor (10 k
Q), input voltage (5V), and measured FSR resistance value

(Q), respectively. The proposed measurement equipment to
measure the generated force on the soft exoskeleton glove is
shown in Fig. 6.

The grasp force test aims to determine the amount of grip
force produced by the finger when using a wearable assistive
soft robotic glove. The force generated by the linear actuator
was reduced by the user's tendon-sheath friction and finger
stiffness. The roughness of the surfaces and the tension in the
tendon influence the amount of frictional force encountered
in the soft glove. When the actuator applies force, this
stiffness of the fingers leads to resistance to movement and
reduces the force transmitted to the gripped object.

The shape of the force measurement was fabricated as
shown in Fig. 6(a). The complete photo of the measurement
system is presented in Fig. 6(b) to simplify the grasping force
test. The measurement of the grip force on each fingertip was
carried out as in Fig. 6(c). The input signal to move the finger
comes from a potentiometer that is slowly rotated from an
angle position of 0° to 270°. The angle of 0° equals a stroke
of 1 cm of the actuator. Meanwhile, the angle of 270° equals
a stroke of 5 cm. After giving the maximum input, the finger
will press the FSR sensor (force-sensitive resistor) maximally
and obtain the data grasp force on each fingertip during the
grasping process.

R

Vy = Vig ———
o lnR+RFSR

@
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III. RESULTS AND DISCUSSION

The results for the effect of music and working out are
presented in Fig. 7. The measured attention signal for a study
participant while listening to music and working out are
plotted in Fig. 7(a) and 7(b). A T-test is conducted to
determine the significant difference in the tested condition.
Fig. 7(c) shows that background music with lyrics (do not like
music) has a more significant adverse effect on attention
values than music without lyrics (favorite music). Music with
lyrics is a more complex stimulus than instrumental music
alone, which explains the graph above that music with lyrics
has a significant adverse effect on attention scores than music
without lyrics (p-value < 0.05). Based on the test results, the
utilized EEG will produce a higher attention value when a
user listens to his/her favorite music. After a workout, the
samples were selected from the male and female study
participants' youngest, middle, and oldest. The results show
that after doing exercise for 10 minutes, the study
participant's attention values were decreased as shown in Fig.
7(d).

For the grasping force performance, the force generated
by each finger is affected by the length of the tendon, finger
stiffness, and tendon-sheath friction. The length of tendons
used in the index, middle, and ring fingers varies, and the
force is inversely proportional to the length of the tendons
used. The following is the data on the grasp force test for each
finger, which is presented in Table 3. The obtained grasping
force vs. time is given in Fig. 8. The measured grasping force
is obtained using the developed device as shown in Fig. 6.
Providing sufficient tendon length for general users is
difficult. Therefore, designing the glove with adjustable
tendon length will be conducted in future study. Varying
tendon lengths in a soft exoskeleton glove can have practical
implications on its functionality. Excessive tendon length can
lead to slack in the soft glove mechanical system, making
precise control over finger movements difficult. Excessive
tendon length can compromise control precision while a

(b)

Fig. 6. Grasping force measurement. (a) Proposed grasping measurement. (b) Overall grasping measurement system. (c¢) Grasping force. measurement

Measured
grasping
force (N)

()

shorter length can provide higher tension but lead to
discomfort during the use of the soft glove.

TABLE III. MEASURED RASPING FORCES ON THREE FINGERS

Finger Length of Maximum
tendon (mm) force (N)
Index 19.5 5
Middle 20.0 4
Ring 19.0 3

To determine the response of the actuator in the soft
glove, voltage with increments of 1 volt was given to the
linear actuator from 1 volt to 12 volts. The results of the linear
actuator response to voltage variations are shown in Fig. 9(a).
The response graph which has experienced steady-
state/constant shows that the linear actuator has moved fully
to carry out a full extension movement. The results show that
the greater the value of the electric voltage applied to the
linear actuator, the faster the actuator response. Therefore, a
voltage value of 12 volts was chosen as the working voltage
for the soft robotic glove for the best response.

Meanwhile, the closed-loop response is shown in Fig.
9(b), and Fig. 9(c). Step input is given to the soft glove as an
input command to determine the time constant of the soft
glove (Fig.9(a)). The response without load and response
with load lines indicate that the soft glove is not being worn
and is being worn when the soft glove is tested. The test
results on the input step show that the time constancy for the
soft glove is 1.8 seconds using 12 volts of power. Fig. 9(c)
shows that the soft glove can follow sinusoidal commands
despite a slight delay of around 0.6 seconds. The time
response for the previous silicone-based soft glove with a
dual motor tendon actuator was 2.8 seconds when it is worn
[30]. The measured time constant in this study is sufficient
to provide the mechanical support from finger full
open/extension to finger full close/flexion for grasping the
object.
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Fig. 7. Effect of listening to music and working out. (a) Music with lyrics and without lyrics for a study participant. Effect of workout for a study participant.
(c) Average attention values for all participants with listening to music. (d) Effect of workout on average attention signal for all study participants. (e)
Boxplot for music (noise) effect (p-value < 0.05). (f) Boxplot for the workout (fatigue) effect (p-value < 0.05).
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Fig. 9. Open-loop and closed-loop responses from the soft glove. (a) Voltage
input signal variations to drive the linear actuator from 0 cm to 5 cm (full
extension). (b) Response of the soft glove from the step input command. (c)
Soft exoskeleton glove response to the sinusoidal commanded signal.

For the performance of the feedback control commanded
with the EEG signal, a user was commanded the soft glove to
assist the finger flexion and extension. The linear actuator
displacement stroke followed the input signal command from
the EEG attention signal as shown in Fig. 10. The modified

on-off control with the error dead-zone of + 0.05 cm
successfully reduced the linear actuator stroke displacement
oscillation. The feedback control generated a steady state
error of around 0.1 cm. A user was tasked to grasp a bottle of
drinking water and lift the bottle using the user attention
signal measured by single-channel EEG. Based on the test
result, the user successfully commanded the soft glove to
assist the finger flexion in grasping and lifting the bottle
without falling to the ground, as depicted in Fig. 11. These
results confirm that by implementing single-channel EEG,
the soft glove can be driven and integrate easily with simple
processing and control algorithms compared to multichannel
EEG [52], [66], [68], [69], [74]. This study applies simple
processing for EEG with simple tasks (open/closed) and also
utilizes a fixed length of tendon. In the future, designing the
glove with adjustable tendon length will be conducted and
augmented with multi-channel EEG for more complex tasks.

Involving humans as study participants in EEG research
raises ethical considerations. Therefore, carefully considering
the ethical and safety aspects of EEG research, researchers
can ensure the responsible and safe use of EEG technology
for advancing scientific knowledge and developing new
applications, especially in soft wearable robotic technology.

T
— Command
—=='Response

Displacement (cm)

W~~~ ]

i L i i
0 5 10 15 20 25 30
time (s)

Fig. 10. Soft exoskeleton glove response to the commanded input signal
from EEG

Fig. 11. Soft exoskeleton glove commanded using EEG signal

1V. CONCLUSIONS

In this research, the soft exoskeleton glove has been
developed using fabric material to make it comfortable for the
user to wear and attach. The exoskeleton glove is intended to
provide mechanical assistance through flexion and extension
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movements on the user's hand. We have successfully
integrated single-channel EEG with a soft exoskeleton glove.
The user can move the soft glove for flexion or extension by
using his mind as an attention signal. The attention signal
generated from single-channel EEG is susceptible to being
influenced by the environment and the user's body conditions.
Based on our research results, a tired body condition from a
workout can reduce the attention signal. Listening to music
also influences the generated attention signal. It will increase
if someone listens to music he/she likes, and vice versa. Our
findings indicate that noise and fatigue can significantly
weaken the attention signals used to control the soft
exoskeleton glove. To optimize performance, it is
recommended to use the glove system in a quiet environment
and when the user is well-rested.

The position of finger flexion and extension movements
can be controlled using on-off feedback control with a steady
state of around 0.1 cm. The maximum grasping forces
produced to provide mechanical assistance on the index, ring,
and middle fingers are 5 N, 4 N, and 3 N, respectively. The
proposed soft exoskeleton glove can be a potential assistive
and rehabilitation devices for people with hand impairment.
Using an attention signal measured by the single channel
EEG, a user can easily control the soft glove motion for
flexion and extension mechanical assistance to grasp and lift
an object.

The developed soft exoskeleton augmented with single-
channel EEG technology is still under development, and its
effectiveness can vary depending on the specific condition
and individual needs. However, there are potential benefits
for improving independence and quality of life for stroke
survivors or those with spinal cord injuries, making it an
affordable device for rehabilitation and assistive technology.
Soft exoskeleton gloves offer advantages but they also pose
potential limitations such as strength, heat, and sweat. In
future study, multi-channel EEG with deep learning will be
augmented in the soft glove for more complex grasping tasks.
More advanced nonlinear control will be developed to control
the motion of linear actuator.

ACKNOWLEDGMENT

We would like to thank Diponegoro University (Undip)
for providing research funding under the Research for
Application and Development (RPP) program in the year
2022 with contract number 185-46/UN7.6.1/PP/2022.

REFERENCES

[1T S. Kim, M. A. Nussbaum, M. I. Mokhlespour Esfahani, M. M. Alemi,
B. Jia, and E. Rashedi, “Assessing the influence of a passive, upper
extremity exoskeletal vest for tasks requiring arm elevation: Part IT —
‘Unexpected’ effects on shoulder motion, balance, and spine loading,”
Appl.  Ergon., vol. 70, pp. 323-330, Jul. 2018, doi:
10.1016/j.apergo.2018.02.024.

[2] D. Sui, J. Fan, H. Jin, X. Cai, J. Zhao, and Y. Zhu, “Design of a
wearable upper-limb exoskeleton for activities assistance of daily
living,” in 2017 IEEE International Conference on Advanced
Intelligent Mechatronics (AIM), pp. 845-850, Jul. 2017, doi:
10.1109/AIM.2017.8014123.

[31 T. Lenzi et al., “The neuro-robotics paradigm: NEURARM,
NEUROExos, HANDEXOS,” in 2009 Annual International

Conference of the IEEE Engineering in Medicine and Biology Society,
pp. 24302433, Sep. 2009, doi: 10.1109/IEMBS.2009.5334957.

(4]

[l

[l

(7

(8]

9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

D. R. Dudley, B. A. Knarr, K.-C. Siu, J. Peck, B. Ricks, and J. M.
Zuniga, “Testing of a 3D printed hand exoskeleton for an individual
with stroke: a case study,” Disabil. Rehabil. Assist. Technol., vol. 16,
no. 2, Feb. 2021, doi: 10.1080/17483107.2019.1646823.

B. W. K. Ang and C.-H. Yeow, “Print-it-Yourself (PIY) glove: A fully
3D printed soft robotic hand rehabilitative and assistive exoskeleton for
stroke patients,” in 2017 [EEE/RSJ International Conference on
Intelligent Robots and Systems (IROS), pp. 1219-1223, Sep. 2017, doi:
10.1109/IROS.2017.8202295.

M. Liet al., “A 3D-printed soft hand exoskeleton with finger abduction
assistance,” in 2019 16th International Conference on Ubiquitous
Robots (UR), pp. 319-322, Jun. 2019, doi:
10.1109/URAIL.2019.8768611.

R. Ismail, M. Ariyanto, K. A. Pambudi, J. W. Syafei, and G. P. Ananto,
“Extra robotic thumb and exoskeleton robotic fingers for patient with
hand function disability,” in 2017 4th International Conference on
Electrical Engineering, Computer Science and Informatics (EECSI),
pp. 1-6, Sep. 2017, doi: 10.1109/EECSI1.2017.8239166.

N. S. Shalal and W. S. Aboud, “Smart Robotic Exoskeleton: a 3-DOF
for Wrist-forearm Rehabilitation,” J. Robot. Control (JRC), vol. 2, no.
6, Nov. 2021, doi: 10.18196/jrc.26125.

R. K. Salih and W. S. Aboud, “Smart Robotic Exoskeleton:
Constructing Using 3D Printer Technique for Ankle-Foot
Rehabilitation,” J. Robot. Control (JRC), vol. 4, no. 4, Aug. 2023, doi:
10.18196/jrc.v4i4.18429.

T. A. Georgiou, D. Asnaghi, A. Liang, and A. M. Agogino, “The
Sparthan Three-Dimensional Printed Exo-Glove: A Preliminary
Evaluation of Performance Via Case Study,” J. Med. Devices, vol. 13,
no. 031007, Jul. 2019, doi: 10.1115/1.4043976.

Y. Bouteraa, I. B. Abdallah, and A. M. Elmogy, “Training of Hand
Rehabilitation Using Low Cost Exoskeleton and Vision-Based Game
Interface,” J. Intell. Robot. Syst., vol. 96, no. 1, pp. 31-47, Oct. 2019,
doi: 10.1007/s10846-018-0966-6.

J. Vertongen and D. Kamper, “Design of a 3D printed hybrid
mechanical structure for a hand exoskeleton,” Curr. Dir. Biomed. Eng.,
vol. 6, no. 2, Sep. 2020, doi: 10.1515/cdbme-2020-2003.

J. Kopowski, D. Mikotajewski, P. Kotlarz, E. Dostatni, and 1. Rojek,
“A Semi-Automated 3D-Printed Chainmail Design Algorithm with
Preprogrammed Directional Functions for Hand Exoskeleton,” Appl.
Sci., vol. 12, no. 10, Jan. 2022, doi: 10.3390/app12105007.

K. Anandan, N. Rajagopalan, Mohanavelu, and S. Mary, “Design and
development of biosignal controlled hand exoskeleton for assistive
purposes,” J. Mech. Med. Biol., vol. 23, no. 6, p. 2340033, Aug. 2023,
doi: 10.1142/S021951942340033X.

M. Khantan ef al., “The NuroSleeve, a user-centered 3D printed hybrid
orthosis for individuals with upper extremity impairment,” J.
NeuroEngineering Rehabil., vol. 20, no. 1, p. 103, Aug. 2023, doi:
10.1186/512984-023-01228-2.

O. Lambercy, D. Schroder, S. Zwicker, and R. Gassert, "Design of a
thumb exoskeleton for hand rehabilitation," in Proceedings of the 7th
International Convention on Rehabilitation Engineering and Assistive
Technology. Singapore, p. 41,2013.

P. Polygerinos, Z. Wang, K. C. Galloway, R. J. Wood, and C. J. Walsh,
“Soft robotic glove for combined assistance and at-home
rehabilitation,” Robot. Auton. Syst., vol. 73, pp. 135—143, Nov. 2015,
doi: 10.1016/j.robot.2014.08.014.

P. Polygerinos, K. C. Galloway, S. Sanan, M. Herman, and C. J. Walsh,
“EMG controlled soft robotic glove for assistance during activities of
daily living,” in 2015 IEEE International Conference on Rehabilitation
Robotics (ICORR), pp- 55-60, Aug. 2015, doi:
10.1109/ICORR.2015.7281175.

P. Polygerinos et al., “Towards a soft pneumatic glove for hand
rehabilitation,” in 2013 [EEE/RSJ International Conference on
Intelligent Robots and Systems, pp. 1512—1517, Nov. 2013, doi:
10.1109/IROS.2013.6696549.

H. Kim et al., “Development of Wearable Finger Prosthesis with
Pneumatic Actuator for Patients with Partial Amputations,” Actuators,
vol. 12, no. 12, Dec. 2023, doi: 10.3390/act12120434.

D. Duanmu, X. Li, W. Huang, and Y. Hu, “Soft Finger Rehabilitation
Exoskeleton of Biomimetic Dragonfly Abdominal Ventral Muscles:

Center Tendon Pneumatic Bellows Actuator,” Biomimetics, vol. 8, no.
8, Dec. 2023, doi: 10.3390/biomimetics8080614.

Joga Dharma Setiawan, Portable Fabric-Based Soft Glove Controlled with Single-Channel Electroencephalography



Journal of Robotics and Control (JRC) ISSN: 2715-5072

1089

[22] G. Jackson and H. A. Abdullah, “Development and Testing of a Soft
Exoskeleton Robotic Hand Training Device,” Sensors, vol. 23, no. 20,
Jan. 2023, doi: 10.3390/s23208395.

[23] J. C. Maldonado-Mejia et al., “A fabric-based soft hand exoskeleton
for assistance: the ExHand Exoskeleton,” Front. Neurorobotics, vol.
17,2023.

[24] L. Gerez, G. Gao, A. Dwivedi, and M. Liarokapis, “A Hybrid,
Wearable Exoskeleton Glove Equipped With Variable Stiffness Joints,
Abduction Capabilities, and a Telescopic Thumb,” IEEE Access, vol.
8, pp. 173345-173358, 2020, doi: 10.1109/ACCESS.2020.3025273.

N. Takahashi, S. Furuya, and H. Koike, “Soft Exoskeleton Glove with
Human Anatomical Architecture: Production of Dexterous Finger
Movements and Skillful Piano Performance,” IEEE Trans. Haptics,
vol. 13, no. 4,  pp. 679690, Oct. 2020,  doi:
10.1109/TOH.2020.2993445.

[26] K.H.L.Heung,R.K.Y. Tong, A. T. H. Lau, and Z. Li, “Robotic Glove
with Soft-Elastic Composite Actuators for Assisting Activities of Daily
Living,” Soft Robot., vol. 6, no. 2, pp. 289-304, Apr. 2019, doi:
10.1089/s0r0.2017.0125.

[27] B. B. Kang, H. Choi, H. Lee, and K.-J. Cho, “Exo-Glove Poly II: A
Polymer-Based Soft Wearable Robot for the Hand with a Tendon-
Driven Actuation System,” Soft Robot., vol. 6, no. 2, Apr. 2019, doi:
10.1089/s0r0.2018.0006.

S.-S. Yun, B. B. Kang, and K.-J. Cho, “Exo-Glove PM: An Easily
Customizable Modularized Pneumatic Assistive Glove,” IEEE Robot.
Autom. Lett.,vol. 2, no. 3, Jul. 2017, doi: 10.1109/LRA.2017.2678545.

[29] J. D. Setiawan, M. Ariyanto, S. Nugroho, M. Munadi, and R. Ismail,
“A Soft Exoskeleton Glove Incorporating Motor-Tendon Actuator for
Hand Movements Assistance,” Int. Rev. Autom. Control IREACO, vol.
13, no. 1, Jan. 2020, doi: 10.15866/ireaco.v13il1.18274.

[30] J. D. Setiawan et al., “Fuzzy Logic Control for a Soft Exoskeleton
Glove Using a Motor-Tendon Actuator,” Ing. E Investig., vol. 41, no.
1, Apr. 2021, doi: 10.15446/ing.investig.v41n1.81531.

[31] J. Yang, H. Xie, and J. Shi, “A novel motion-coupling design for a
jointless tendon-driven finger exoskeleton for rehabilitation,” Mech.
Mach.  Theory, vol. 99, pp. 83-102, May 2016, doi:
10.1016/j.mechmachtheory.2015.12.010.

[32] P. Tran et al., “FLEXotendon Glove-III: Voice-Controlled Soft
Robotic Hand Exoskeleton With Novel Fabrication Method and
Admittance Grasping Control,” IEEEASME Trans. Mechatron., vol.
217, no. 5, pp- 3920-3931, Oct. 2022, doi:
10.1109/TMECH.2022.3148032.

[33] W. Chen et al, “Soft Exoskeleton With Fully Actuated Thumb
Movements for Grasping Assistance,” IEEE Trans. Robot., vol. 38, no.
4, pp. 2194-2207, Aug. 2022, doi: 10.1109/TR0.2022.3148909.

[34] L. Yang, F. Zhang, J. Zhu, and Y. Fu, “A Portable Device for Hand
Rehabilitation With Force Cognition: Design, Interaction, and
Experiment,” IEEE Trans. Cogn. Dev. Syst., vol. 14, no. 2, pp. 599—
607, Jun. 2022, doi: 10.1109/TCDS.2021.3055626.

[35] D. Yoshikawa, H. Kawamoto, and Y. Sankai, “Development of a
wearable cybernic glove that enables object grasping and gripping
force measurement with open finger pad,” Adv. Robot., vol. 37, no. 14,
pp- 924-941, Jul. 2023, doi: 10.1080/01691864.2023.2226202.

[36] R.C.Silva et al., “Biomimetic Design of a Tendon-Driven Myoelectric
Soft Hand Exoskeleton for Upper-Limb Rehabilitation,” Biomimetics,
vol. 8, no. 3, Jul. 2023, doi: 10.3390/biomimetics8030317.

P. Tran, D. Elliott, K. Herrin, and J. P. Desai, “Towards comprehensive
evaluation of the FLEXotendon glove-III: a case series evaluation in
pediatric clinical cases and able-bodied adults,” Biomed. Eng. Lett.,
vol. 13, no. 3, pp. 485-494, Aug. 2023, doi: 10.1007/s13534-023-
00280-0.

D. Copaci, E. Cano, L. Moreno, and D. Blanco, “New Design of a Soft
Robotics Wearable Elbow Exoskeleton Based on Shape Memory Alloy
Wire Actuators,” Appl. Bionics Biomech., vol. 2017, p. e1605101, Sep.
2017, doi: 10.1155/2017/1605101.

[39] Y. Wang, S. Zheng, Z. Song, J. Pang, and J. Li, “A Coupling Dynamic
Model for Studying the Physical Interaction Between a Finger

Exoskeleton and a Human Finger,” IEEE Access, vol. 8, pp. 125412—
125422, 2020, doi: 10.1109/ACCESS.2020.3007799.

[40] A.Hadi, K. Alipour, S. Kazeminasab, and M. Elahinia, “ASR glove: A
wearable glove for hand assistance and rehabilitation using shape

[25

—

[28

[}

[37

—

[38

[}

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[>6]

[57]

(58]

[59]

memory alloys,” J. Intell. Mater. Syst. Struct., vol. 29, no. 8, May 2018,
doi: 10.1177/1045389X17742729.

D. Hwang, J. Lee, and K. Kim, “On the design of a miniature haptic
ring for cutaneous force feedback using shape memory alloy actuators,”
Smart Mater. Struct., vol. 26, no. 10, p. 105002, Sep. 2017, doi:
10.1088/1361-665X/aa860d.

M. F. Simons et al., “B:lonic Glove: A Soft Smart Wearable Sensory
Feedback Device for Upper Limb Robotic Prostheses,” IEEE Robot.
Autom. Lett., vol. 6, no. 2, pp. 3311-3316, Apr. 2021, doi:
10.1109/LRA.2021.3064269.

K. J. D. Laurentis and C. Mavroidis, “Mechanical design of a shape
memory alloy actuated prosthetic hand,” Technol. Health Care, vol. 10,
no. 2, pp. 91-106, Jan. 2002, doi: 10.3233/THC-2002-10202.

Q. Xie et al., “Design of a SMA-based soft composite structure for
wearable rehabilitation gloves,” Front. Neurorobotics, vol. 17, 2023.

S. Kazeminasab, A. Hadi, K. Alipour, and M. Elahinia, “Force and
motion control of a tendon-driven hand exoskeleton actuated by shape
memory alloys,” Ind. Robot Int. J., vol. 45, no. 5, pp. 623—633, Jan.
2018, doi: 10.1108/IR-01-2018-0020.

T. Shahid, D. Gouwanda, S. G. Nurzaman, and A. A. Gopalai, “Moving
toward Soft Robotics: A Decade Review of the Design of Hand
Exoskeletons,” Biomimetics, vol. 3, no. 3, Sep. 2018, doi:
10.3390/biomimetics3030017.

V. W. Oguntosin, Y. Mori, H. Kim, S. J. Nasuto, S. Kawamura, and Y.
Hayashi, “Design and Validation of Exoskeleton Actuated by Soft
Modules toward Neurorehabilitation—Vision-Based Control for
Precise Reaching Motion of Upper Limb,” Front. Neurosci., vol. 11,
2017.

T. Triwiyanto et al., “Embedded Machine Learning Using a Multi-
Thread Algorithm on a Raspberry Pi Platform to Improve Prosthetic
Hand Performance,” Micromachines, vol. 13, no. 2, Feb. 2022, doi:
10.3390/mi13020191.

J. Luo, C. Liu, Y. Feng, and C. Yang, “A method of motion recognition
based on electromyographic signals,” Adv. Robot., vol. 34, no. 15, Aug.
2020, doi: 10.1080/01691864.2020.1750480.

A. Waris, I. K. Niazi, M. Jamil, K. Englehart, W. Jensen, and E. N.
Kamavuako, “Multiday Evaluation of Techniques for EMG-Based
Classification of Hand Motions,” IEEE J. Biomed. Health Inform., vol.
23, no. 4, Jul. 2019, doi: 10.1109/JBHI.2018.2864335.

R. S. Araujo, C. R. Silva, S. P. N. Netto, E. Morya, and F. L. Brasil,
“Development of a Low-Cost EEG-Controlled Hand Exoskeleton 3D
Printed on Textiles,” Front. Neurosci., vol. 15, 2021.

N. Cheng et al., “Brain-Computer Interface-Based Soft Robotic Glove
Rehabilitation for Stroke,” IEEE Trans. Biomed. Eng., vol. 67, no. 12,
Dec. 2020, doi: 10.1109/TBME.2020.2984003.

N. Guo et al., “SSVEP-Based Brain Computer Interface Controlled
Soft Robotic Glove for Post-Stroke Hand Function Rehabilitation,”
IEEE Trans. Neural Syst. Rehabil. Eng., vol. 30, pp. 1737-1744, 2022,
doi: 10.1109/TNSRE.2022.3185262.

T. Jumphoo, M. Uthansakul, P. Duangmanee, N. Khan, and P.
Uthansakul, “Soft Robotic Glove Controlling Using Brainwave
Detection for Continuous Rehabilitation at Home,” Comput. Mater.
Contin., vol. 66, no. 1, 2020, doi: 10.32604/cmc.2020.012433.

W. O. Tatum, “Ellen R. Grass Lecture: Extraordinary EEG,”
Neurodiagnostic  J., vol. 54, mno. 1, Mar. 2014, doi:
10.1080/21646821.2014.11079932.

R. Alazrai, M. Abuhijleh, H. Alwanni, and M. 1. Daoud, “A Deep
Learning Framework for Decoding Motor Imagery Tasks of the Same
Hand Using EEG Signals,” IEEE Access, vol. 7, pp. 109612-109627,
2019, doi: 10.1109/ACCESS.2019.2934018.

H. A. Ali et al., “EEG-based Brain Computer Interface Prosthetic Hand
using Raspberry Pi 4,” Int. J. Adv. Comput. Sci. Appl. IJACSA, vol. 12,
no. 9, Sep. 2021, doi: 10.14569/IJACSA.2021.0120905.

A. M. Cruz-Rodriguez and H. Sanchez-Machet, “Protesis de mano
controlada con sefiales EEG,” MOMENTO, no. 63, Jul. 2021, doi:
10.15446/m0.n63.96407.

Q. Huang, Z. Zhang, T. Yu, S. He, and Y. Li, “An EEG-/EOG-Based
Hybrid Brain-Computer Interface: Application on Controlling an

Integrated Wheelchair Robotic Arm System,” Front. Neurosci., vol.
13,2019.

Joga Dharma Setiawan, Portable Fabric-Based Soft Glove Controlled with Single-Channel Electroencephalography



Journal of Robotics and Control (JRC) ISSN: 2715-5072

1090

[60] E. O. Ige, A. Adetunla, A. Awesu, and O. K. Ajayi, “Sensitivity
Analysis of a Smart 3D-Printed Hand Prosthetic,” J. Robot., vol. 2022,
p. €9145352, Feb. 2022, doi: 10.1155/2022/9145352.

[61] S. Kim, D. Y. Shin, T. Kim, S. Lee, J. K. Hyun, and S.-M. Park,
“Enhanced Recognition of Amputated Wrist and Hand Movements by
Deep Learning Method Using Multimodal Fusion of
Electromyography and Electroencephalography,” Sensors, vol. 22, no.
2, Jan. 2022, doi: 10.3390/522020680.

[62] S. R. Sreeja and D. Samanta, “Classification of multiclass motor
imagery EEG signal using sparsity approach,” Neurocomputing, vol.
368, pp. 133—145, Nov. 2019, doi: 10.1016/j.neucom.2019.08.037.

M. Staffa, M. Giordano, and F. Ficuciello, “A WiSARD Network
Approach for a BCI-Based Robotic Prosthetic Control,” Int. J. Soc.
Robot., vol. 12, no. 3, Jul. 2020, doi: 10.1007/s12369-019-00576-1.

T. Triwiyanto, W. Caesarendra, V. Abdullayev, A. A. Ahmed, and H.
Herianto, “Single Lead EMG signal to Control an Upper Limb
Exoskeleton Using Embedded Machine Learning on Raspberry Pi,” J.
Robot. Control JRC, vol. 4, no. 1, Feb. 2023, doi:
10.18196/jrc.v4il.17364.

[65] A. de F. Zanona et al., “Brain-computer interface combined with
mental practice and occupational therapy enhances upper limb motor
recovery, activities of daily living, and participation in subacute
stroke,” Front. Neurol., vol. 13, 2023.

[66] A. A. Frolov et al., “Post-stroke Rehabilitation Training with a Motor-
Imagery-Based Brain-Computer Interface (BCI)-Controlled Hand
Exoskeleton: A Randomized Controlled Multicenter Trial,” Front.
Neurosci., vol. 11, 2017.

[67] A. Chowdhury, A. Dutta, and G. Prasad, “Corticomuscular Co-
Activation Based Hybrid Brain-Computer Interface for Motor
Recovery Monitoring,” IEEE Access, vol. 8, pp. 174542—174557,
2020, doi: 10.1109/ACCESS.2020.3026037.

[63

[t}

[64

[}

[68]

[69]

[70]

[71]

(721

[73

—

[74]

A. Jain and L. Kumar, “PreMovNet: Premovement EEG-Based Hand
Kinematics Estimation for Grasp-and-Lift Task,” IEEE Sens. Lett., vol.
6, no. 7, pp. 1-4, Jul. 2022, doi: 10.1109/LSENS.2022.3183284.

D. Pei, P. Olikkal, T. Adali, and R. Vinjamuri, “Reconstructing
Synergy-Based Hand Grasp Kinematics from Electroencephalographic
Signals,” Sensors, vol. 22, no. 14, Jan. 2022, doi: 10.3390/s22145349.

U. Asgher et al., “Motor Training Using Mental Workload (MWL)
With an Assistive Soft Exoskeleton System: A Functional Near-
Infrared Spectroscopy (fNIRS) Study for Brain-Machine Interface
(BMLI),” Front. Neurorobotics, vol. 15, 2021.

G. Roy, A. K. Bhoi, S. Das, and S. Bhaumik, “Cross-correlated spectral
entropy-based classification of EEG motor imagery signal for
triggering lower limb exoskeleton,” Signal Image Video Process., vol.
16, no. 7, pp. 1831-1839, Oct. 2022, doi: 10.1007/s11760-022-02142-
1.

D. P. X. Kan, V. W. W. Lim, and P. F. Lee, “Signal Conversion from
Attention Signals to Light Emitting Diodes as an Attention Level
Indicator,” in /st Global Conference on Biomedical Engineering & 9th
Asian-Pacific Conference on Medical and Biological Engineering, pp.
251-255, 2015, doi: 10.1007/978-3-319-12262-5_70.

R. Ismail, M. Ariyanto, J. D. Setiawan, T. Hidayat, Paryanto, and L. K.
Nuswantara, “Design and testing of fabric-based portable soft
exoskeleton glove for hand grasping assistance in daily activity,”
HardwareX,  vol. 18, p. e00537, Jun. 2024, doi:
10.1016/j.0hx.2024.e00537.

0. N. Rahma et al., “Brain-computer interface-based hand exoskeleton
with bidirectional long short-term memory methods,” Indones. J.
Electr. Eng. Comput. Sci., vol. 34, no. 1, Apr. 2024, doi:
10.11591/ijeecs.v34.i1.pp173-185.

Joga Dharma Setiawan, Portable Fabric-Based Soft Glove Controlled with Single-Channel Electroencephalography



