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A B S T R A C T

This article presents an electromyography (EMG) controlled hand exoskeleton for basic

movements in assisted bilateral therapy, where bimanual work is required by the user.

The target users are individuals with the right hand affected by an accident or cerebrovas-

cular problems which require passive or assisted rehabilitation. Through a Matlab GUI, the

system receives, processes and classifies electromyographic signals from the user acquired

by a MYO armband obtaining an accuracy of 81.2% using k-Nearest Neighbors (kNN) as the

classification algorithm and Random Subset Feature Selection (RSFS) as the feature selec-

tion algorithm. Subsequently, the exoskeleton reproduces the movement detected in the

user’s opposite hand. The exoskeleton prototype is 8 degrees of freedom (DOF), built using

3D printing and has independent movement of the fingers. The movement controller is

based on fuzzy logic. For the system performance analysis, kinematic information from

a motion capture system is used to compare the trajectories in different grasping tasks

of a user’s hand with and without the exoskeleton with a maximum error of 10.63% and

a minimum of 3.46% with the desired final position, which physically represents a differ-

ence of 1.89� and 0.07� respectively.
� 2022 Nalecz Institute of Biocybernetics and Biomedical Engineering of the Polish Academy

of Sciences. Published by Elsevier B.V. All rights reserved.
1. Introduction

The acquisition and processing of bioelectric signals pro-

duced by the human body is a common topic in clinical stud-
ies to evaluate the health status of a patient. The electrical

activity of cells and tissues from different organs can be

recorded, such as electrocardiographic (ECG), electroen-

cephalographic (EEG), electromyographic (EMG), and electro-
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oculographic (EOG), which measure electrical activity in the

heart, brain, muscles, and eyes respectively. The integration

of biosignals to improve human-robot interaction has

increased in recent years, especially in the area of medicine

[1–4]. This approach improves devices that can help prevent

disease [5], reduce recovery times [6] and assist healthcare

personnel during medical procedures [7]. The brain-

controlled hand exoskeleton reported by Li et al.[8] is an

example of a robotic device controlled by biosignals. The

authors proposed using the attention value as an input com-

mand for controlling the hand exoskeleton. The target users

are stroke survivors during the flaccid paralysis period who

need continuous passive motion training of their hands.

Active rehabilitation training is carried out using an attention

value threshold which is measured using an electroen-

cephalography (EEG) sensor as a brain-controlled switch for

the hand exoskeleton. Another emerging trend in biomedical

science is the use of surface EMG signals (sEMG) which are

non-invasive and painless to obtain, easy to implement, and

whose existing systems in the marketplace are versatile

[9–11]. Altin and Orhan [12] proposed the development of joy-

sticks using sEMG signals for drone flight control. Further-

more, Ali et al. [13] developed an EMG-based interface for

the control of a humanoid NAO robot for future use in the ser-

vice robotics industry. The video game industry is no excep-

tion in trying to take advantage of this type of technology,

with Shih-Chieh et al. [14] exploring the possibilities of imple-

menting EMG signals to detect the movements of the players’

mouths, allowing new ways of control by the user. In the lit-

erature, there are different contributions regarding the use

of sEMGwith robotic prostheses [15,16], devices for rehabilita-

tion assistance [17], and for devices that strengthen the user’s

abilities [18]. EMG signals help to track the user’s performance

by obtaining electrical muscle information which provides

information relating to the strength, motion range, and the

physical condition of the user. In rehabilitation devices it

allows the therapist to observe the progress of rehabilitation

based on the fatigue information of the muscles [19].

Due to its constant use in daily life, the hand is prone to

diseases and accidents that motivate researchers to propose

novel and functional solutions to recover mobility, to create

prostheses as well as inventing assistive devices for daily life

[20]. In this context Akgun et al. [21] developed an adaptive

robotic system with a simple mechanical structure to be used

for hand rehabilitation. The middle and the proximal pha-

lanxes are used as a link of consecutively connected two 4-

bar mechanisms, respectively. The exoskeleton joints are

actuated by a single electromechanical cylinder in order to

produce flexion and extension movements. Kinematic analy-

sis was carried out in order to design an ergonomic system

suitable for the limitations of the standard range of motion.

The exoskeleton was developed for only one finger and the

control was implemented without the use of bioelectric sig-

nals. Since the development of algorithms in the Artificial

Intelligence (AI) area, now it is possible to build more complex

prosthetics and orthotics that replicate the movements of a

healthy hand in a more natural way. The problem of pattern

identification with AI has been formulated from different

mathematical approaches and it has been used for movement

intention identification of different extremities, even when
they are amputated [22]. Technological advances have helped

to propose complex algorithms because nowadays there are

more computing capacities and hardware platforms available

[16]. Some of the most common algorithms used in hand ges-

ture recognition are Support Vector Machines (SMV) [23–25],

Artificial Neural Networks (ANN) [26,27], Wavelet Deep Belief

Networks (WDBN) [28], k-Nearest Neighbors (kNN) [29–32],

Neuro-Fuzzy Interference Systems (ANFIS) [33] and Random

Forest (RF) [34]. In sEMG signals the electrical impulses pro-

duced by the muscles during the contraction and relaxation

process are associated with hand movement [31], allowing

the creation of myoelectric controllers or the detection of user

intent.

The device developed by Leonardis et al. [35] is an

exoskeleton for bilateral rehabilitation for people who have

suffered a stroke. EMG signals are used to estimate the grasp-

ing force exerted by the healthy hand on a sensorized object

and transfer the same force to the paretic hand through the

exoskeleton. Authors report that this approach allows the

user to perform rehabilitation exercises with any arbitrary

object. Similarly, the work presented in [36] detects the

patient’s intention with EMG signals using 3 electrodes. This

work proposes a game-based rehabilitation system with kine-

matic feedback from a Kinect sensor and electromyographic

information. Through relying on technology that provides

kinematic feedback it is possible to analyze and evaluate

the behavior of the exoskeleton during different tests. The

works as reported in [37,38] demonstrated the advantage of

combining motion capture systems with EMG signals to

obtain ranges of motion and evaluate the performance of

hand and knee exoskeletons. Despite the promising results

reported by Arteaga et al. [37] in the classification of EMG sig-

nals (97% accurate) using a fine-KNN algorithm, authors

found a strong dependence of these results on the electrodes

location which could be a disadvantage due to the difficulty of

placing them in the exact same position in all the tests. One

of the main challenges of detecting the patient’s intention

through electromyography is the uncertainty in the position

of the device that acquires the EMG signals, thereby affecting

the classification results. However, it is possible to reduce the

effect of this error with the creation of diverse EMG databases

and the application of algorithms for feature selection.

Hazam et al. [39] report the advantage of implementing fea-

ture selection algorithms on upper limb EMG signals based

on the frequency domain.

Another issue associated with the acquisition of EMG sig-

nals is the equipment normally used, since it is heavy and

sophisticated, which prevents the creation of portable sys-

tems aimed at non-expert users. There are currently different

EMG signal acquisition devices commercially available that

are wireless and lightweight, making them suitable for porta-

ble systems. Recently, Chen et al. [40] developed a soft

exoskeleton glove for hand bilateral training which is able

to carry out four types of hand motion. They use the OpenBCI

GUI for sEMG signal acquisition and neural networks for the

classification of the hand movements. Authors reported a

mean accuracy of 98:7% for the classifier in tests with only

four subjects. However, details regarding the number of sub-

jects or the database used for the training and testing of the

classifier were not provided. The main disadvantages of this
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device are the complex procedures for design, manufacture

and characterization of pneumatic actuators. Cote-Allard

et al. [41] presented the first in-depth analysis of features

learned using deep learning for EMG-based hand gesture

recognition. They used a previously generated database

recorded with the 3DC Armband featuring 22 able-bodied par-

ticipants performing ten hand/wrist gestures. An accuracy of

81:38% was reported and it was mentioned that the main lim-

itation of their study was the use of a single architecture to

generate the learned features. The work developed by Burns

et al. [42] uses Delsys EMG sensors with wireless transmission

for the recognition of 15 different grips, which the HEXOES

exoskeleton placed on the opposite hand must reproduce.

Using information from only five participants and with an

ANN algorithm, an accuracy of 67.8% was obtained. Casti-

blanco et al. [19] proposed an assist-as-needed exoskeleton

for hand rehabilitation based on a mechanical design previ-

ously reported in the literature. It was argued that a more

effective rehabilitation robotic system can be obtained by

considering both the hardware and training paradigm during

the design process. A Myo device sensor was used to acquire

EMG signals from the user and kNN classifiers with features

in the time and frequency domains. The classifiers recorded

an average accuracy of 91% in tests with four patients under-

taking four hand therapy movements. The exoskeleton was

developed for only four fingers and the authors highlighted

the complexity with the thumb’s motion as a challenge when

designing the hand exoskeleton. In contrast, albeit with fewer

tests and for 6 grips, Zhang et al. [43] reported 92.7% accuracy

using MYO, a wireless EMG signal acquisition armband. The

number of tests and test subjects has an impact on the final

performance of the classification algorithm. Small or single-

person databases can create seemingly robust systems that

fail when entering a new user’s information.

Recently, diverse studies have been carried out to investi-

gate the efficacy of the bilateral approach for improving the

upper limb rehabilitation. Li et al. [44] examined the effects

of two hybrid therapies, robotic priming combined with Mir-

ror Therapy (MT) and robotic priming combined with Bilateral

Upper Limb Training (BULT) in stroke survivors. The study’s

results indicate that both approaches showed significant ben-

efits in the recovery of most sensorimotor functions. Hsu

et al. [45] compared the impact of robotic-assisted therapy

with bilateral practice (RTBP) and usual task-specific training

facilitated by therapists on task and motor performance for

stroke survivors from an occupational therapy point of view.

The results of this study suggest that RTBP training in con-

junction with a sensorimotor stimulation program can have

benefits for motor restoration in the affected upper extremi-

ties of stroke patients. The experience of normal propriocep-

tive feedback and neurophysiological adaptation through

repetitive bilateral movement practice can help restore

patients’ motor capability in affected upper limbs. Chen

et al. [46] compared the improvements in motor impairment

and functional performances of people with stroke after BULT

and Unilateral Upper Limb Training (UULT) and found that

BULT was superior to UULT in terms of improving motor

impairment after a stroke, as measured by the Fugl-Meyer

Assessment of Upper Extremity (FMA-UE).
Considering current trends such as system portability,

lightweight exoskeletons, the advantages of the RTBP and

the use of biomedical signals, this paper presents the integra-

tion of a five-finger exoskeleton, a system for the acquisition

and classification of EMG signals, a fuzzy logic controller, and

a graphical user interface (GUI) for robotic-assisted rehabilita-

tion therapy with bilateral approach. The target users are

individuals with the right hand affected by an accident or

cerebrovascular problems which require passive or assisted

rehabilitation. The left hand is considered as healthy, and

its EMG signals are used to indicate the movements the

exoskeleton must carry out to assist the paretic hand to com-

plete the rehabilitation motion. Unlike other studies in litera-

ture which reported results for a reduced number of users, in

this work an EMG signal database containing the results for

225 subjects (146 male and 79 female) for three essential

movements with everyday activities (a total of 675 tests) is

used for training and proving the classification algorithm

using k-Nearest Neighbors (kNN). An accuracy of 81:2% was

obtained, however, the influence of the random sEMG sensors

alignment with regards to the muscles was reduced. A GUI

was developed using Matlab software to provide a friendly

interaction between the exoskeleton and the user by allowing

bidirectional communication to occur. Performance tests

were carried out by comparing the exoskeleton motion with

the measurements of healthy person’s hand movements.

The obtained results are presented and compared to the data

reported in the literature. The article is organized as follows.

Section 2 describes the mechanical system and the redesign

process for the construction of a second prototype based on

a previous version. This section also describes the process

and algorithms used for the exoskeleton instrumentation

and control system. In Section 3, the results obtained from

the control applied to the exoskeleton are presented. The

measurements were obtained with a motion capture system

and the results are based on the precision of the desired posi-

tion. Section 4 discusses the results obtained in this study

when compared to other investigations reported in literature.

Finally in Section 5, conclusions about the integrated system

and some proposed future tasks are provided.

2. Materials and methods

2.1. System overview

The exoskeleton was designed for bilateral rehabilitation.

This rehabilitation strategy is based on natural coordination

between the healthy limb and the affected limb, thereby

improving the efficiency of the grasping movements on the

affected side. Bimanual tasks require the coordinated work

of both hands so that they cooperate to achieve the desired

function [47]. Activation of the primary motor cortex and sup-

plementary motor area (SMA) of the healthy limb increases

the probability of voluntary muscle contractions in the dam-

aged limb when performing symmetrical movements [48].

The simultaneous movement of both limbs helps the neuro-

muscular system to regain stability and improves the use of

the affected limb, including grasping tasks. In order to repro-

duce this type of therapy, the exoskeleton must be placed on
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the user’s affected hand and reproduce the movement that

the user makes with a healthy hand [49].

The complete system is comprised of 5 main subsystems:

motion detection, motion classification, desired reference

assignment, controller and the exoskeleton. The system oper-

ation begins with the use of the MYO armband on the user’s

left arm, to detect when a movement is made, by acquiring

EMG signals. A data set had been previously created to train

the learning algorithm that determines the type of movement

the user is making in real time. When the movement is iden-

tified, a value is assigned to the desired positions of each

motor. These desired positions are obtained beforehand

through a motion capture system by determining the path

of each phalanx to perform a certain hand gesture. When

the path is assigned, the DC motors which drive the move-

ment of the exoskeleton’s fingers are activated, and by means

of the control system action the reference must be followed.

Fig. 1 shows the general block diagram of the whole system.

2.2. Mechanical system

The mechanical design of the exoskeleton used in this work

was previously reported in [50]. For the integration of the

instrumentation and control system, some parts of the

exoskeleton were redesigned, in order to increase strength

and functionality, reduce general dimensions and improve

the aesthetic appearance. To corroborate the position of the

actuators in relation to the centers of rotation of the fingers,

a motion capture system was used. A large part of the proto-

type was made based on 3D printing by Fused Deposition

Modeling (FDM), facilitating the easy reproduction and rede-

sign of components for future users or research.

2.2.1. Hand gestures description
Abduction and flexion movements of the thumb are impor-

tant for the natural reproduction of a healthy hand’s move-

ments, as the manipulation of large objects is made easier

by the support from the palm of the hand and small objects

from the fingers. There are currently several studies reported

in the literature providing anatomical information and the

dynamic role that the thumb performs during the develop-
Fig. 1 – System b
ment of hand movements as pointed out in [51,52]. This con-

cern for the implementation of thumb mechanics has been

transferred to grip technology, as it allows the execution of

pinch grasps [53]. In our proposed design, abduction move-

ment of the thumb is not possible. However, this issue does

not limit the exoskeleton’s mobility for carrying out the three

handmovements considered in this work (fist, cylindrical grip

and tip pinch). Taking this into account for the prototype

design, the movements that the exoskeleton reproduce were

characterized by a motion capture procedure which obtained

specific ranges of movement of each finger in the different

grasping tasks. This technique generated reference values to

evaluate the development of the prototype in the final tests

and the precise location of the interphalangeal joints, for

the redesign of the exoskeleton.

The fist, cylindrical grip and tip pinch movements were

studied in this work. These movements are those performed

by a healthy hand and are essential for carrying out different

activities in everyday life. The selection of movements was

made based on the movements reported for a rehabilitation

therapy [54]. For the cylindrical grip exercises the user grasps

a plastic cylinder with a diameter of 8 cm and a length of

approximately 12 cm. For the tip pinch the user picks up a

commercial marker with the pad of the thumb and index fin-

ger. For the fist, the user only closes the fist and keeps it in

that position until the test ends.

2.2.2. Design specifications obtained by motion capture
Motion capture is a process that uses equipment that is able

to capture and determine the location of points in a body of

a user in a given period of time [55]. The points detected by

the camera are reflective marks which are then processed to

obtain kinematic information. For this work, the ViconTM sys-

tem composed of 8 Bonita infrared cameras was used. The

software to perform motion capture and data collection is

called Nexus�, with the generated and processed information

available to export as an Excel file for manipulation by

another mathematical software.

Different tests were performed for each of the above-

describedmovements. The position of the marks on the index

finger and thumb is shown in Fig. 2 for a cylindrical, fist move-
lock diagram.
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ment and tip pinch. The marks are small spheres that were

placed at the termination of the distal phalanx and the distal

interphalangeal, proximal interphalangeal, metacarpopha-

langeal and carpometacarpal joints of the index to the little

finger. For the thumb, the marks were placed at the distal

interphalangeal, metacarpophalangeal and carpometacarpal

joints. A further mark was placed at the base of the bench

which functions as a reference mark for further kinematic

analysis. Different tests were performed for each of the fin-

gers, and the resulting test data are available in [56]. During

the preparation of the tests, the positioning of the cameras

and the creation of kinematic chains in Nexus software is

essential, otherwise confusion regarding the marks or loss

of data may occur during the test.

In this project, the files generated by the software were

exported to Matlab for kinematic analysis. Each test contains

information about themarks position in the XYZ space during

the time period the test data were acquired. Fig. 3 shows the

position of the index finger marks for a fist test. To obtain this

visualization, a mark placed at the base of the bench was

taken as a pivot. The positions of the following marks were

obtained through rotation matrices.

Rotation and translation matrices were applied to the

point cloud, based on the data from the mark on the car-

pometacarpal joint. The analysis was carried out individually
Fig. 3 – Positioning of the marks in the
for the five fingers. The result of this analysis is the angular

range of movement that each of the phalanges must develop

as well as the trajectory that the exoskeleton should follow.

The rotation matrices used are described by the following

equations:

Rx;/ ¼
1 0 0

0 cos/ �sen/

0 sen/ cos/

0
B@

1
CA ð1Þ

Ry;h ¼
cosh 0 senh

0 1 0

�senh 0 cosh

0
B@

1
CA ð2Þ

Rz;w ¼
cosw �senw 0

senw cosw 0

0 0 1

0
B@

1
CA ð3Þ

The results obtained for the cylindrical grip were com-

pared with the values reported in [57]. The cylinder used in

this project has a diameter with a value between the two

diameters value of the objects reported in the experiments

of [57], however, by means of interpolation it was confirmed

that the results of both experiments are similar. Fig. 4 shows

the references for measuring the angles representing the

angular motion of the different finger joints of three different
XYZ space for the cylindrical grip.



Fig. 4 – Graphical representation of the angular movements of the different joints of the hand for a) Cylindrical grip, b) Fist,

and c) Tip pinch.
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handmovements. Angle (a) representing themovement of the

metacarpophalangeal joint (MP) is obtained as a result of the

angle delimited by the prolongation of the metacarpal bone

and the proximal phalanx. Angle (b) representing the angular

movement of the proximal interphalangeal joint (PIP) is

obtained as a result of the angle being delimited by the pro-

longation of the proximal phalanx and the middle phalanx.

Angle (c) representing the angular movement of the distal

interphalangeal joint (DIP) is obtained as a result of the angle

delimited by the prolongation of the middle phalanx and the

distal phalanx. The values of these angles are shown in Table 1

for three different hand movements.
Table 1 – Ranges of movements for three basic hand movemen

Movement Phalanx Thumb

Proximal (a) 54.108
Fist Middle (b) –

Distal (c) 62.980
Proximal (a) 54.813

Tip pinch Middle (b) –
Distal(c) 50.363

Proximal (a) 35.230
Cylindrical Grasp Middle (b) –

Distal (c) 44.980

Fig. 5 – a) Side view of a finger of the exoskeleton. b) Fin
2.2.3. Mechanical structure and actuation system
The exoskeleton was designed with the aim of solving the

problem of tracking the center of rotation of the phalanges

without mechanical interference with the user’s fingers.

Regarding the finger movement, the location of the phalanx’s

center of rotation changes. A gear and rack mechanism was

chosen to cover the full range of motion of each of the five fin-

gers’ phalanges. The ring, middle and index fingers can move

independently of the proximal and middle phalanx. The

thumb and little finger can only move due to the proximal

phalanx. Because of this design, the exoskeleton has one

motor per movement block with a total of 8 DC motors for
ts (degrees).

Index
Finger

Middle
Finger

Ring
Finger

Little
Finger

38.623 60.235 33.145 54.108
82.701 79.852 87.430 62.980
81.397 76.847 81.397 83.412
54.813 61.447 58.656 54.813
45.199 45.513 50.840 45.199
50.363 52.913 50.840 50.363
17.825 2.020 1.980 1.950
49.176 3.020 3.450 3.380
37.229 2.980 2.980 3.020

ger of the exoskeleton during the flexion movement.



Fig. 6 – Final assembly of the prototype.
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independent movement of the fingers, while the finger mech-

anism consists of two blocks. The first block performs the

movement of the proximal phalanx and is attached to the

base of the exoskeleton while being supported on the meta-

carpal bone. The second block performs the movement of

the middle phalanx and rests on the proximal phalanx.

Fig. 5a) shows a side view of the new design of a finger mech-

anism with the location of the blocks. Compared to the previ-

ous version of the prototype reported in [50], the new design

completely covers the internal components of the main

mechanism during the movement, avoiding contact by the

user towards the elements for power transmission.

Each of the movement blocks has two gear-rack sets. One

of the sets is responsible of the rotational movement and its

transmission to the next block, while the other set handles

linear scrolling. In this way, it is possible to keep the device

coincident with the centers of rotation of the fingers. Each

of the blocks contains a Pololu DC motor with a 150:1 gear

ratio. A worm-gear mechanism was used to transmit power

from the motor to the mechanism, as depicted in Fig. 5a).

Fig. 5b) shows the exoskeleton carrying out the finger flexion

movement. In this position, the motion of each finger phalanx

conduced by each block of the exoskeletonmechanism can be

clearly observed. For the dimensioning of the mechanical ele-

ments, the data reported in [58] were used. For details of the
Fig. 7 – Block diagram of the classification pr
parameter calculations and dimensioning of the pieces, the

previously procedure reported in [50] was followed. Firstly,

3D printing was used for the construction of the second pro-

totype due to the many advantages that this technology

offers. The power transmission spur gears from the motor

were made of 1060 Aluminum, while the rest of the exoskele-

ton parts were printed in PLA. Themain base that is placed on

the hand and that holds the fingers was redesigned with

guides for the cables coming from the encoders. The bases

were covered with a quilted cotton fabric to avoid discomfort

to the user. Fig. 6 shows the final assembly of the exoskeleton,

showing the cables for the connections between the drive and

signal acquisition systems.

The total weight of the exoskeleton is 730 g including actu-

ators, as well as mechanical and electrical parts. Each move-

ment block consists of 16 pieces while an average time of 52 h

is required to print the entire skeleton. The device can be

adjusted for different hand sizes and finger length by using

guides that are adjusted by screws to extend or shorten of

the mechanism’s length. The fingers move independently

with a range of 0–90� and 0–110� for the proximal and middle

phalanges, respectively.
2.3. EMG signal acquisition and classification system

The development of the exoskeleton control system is ori-

ented to assisted rehabilitation therapy. The patient’s willing-

ness to be active is required during the entire movement with

the exoskeleton providing weight or force support in order to

complete the task [59,60]. For this therapy approach it is nec-

essary to know the user’s intention, and one way of doing this

is through electromyographic (EMG) signals. The MYO arm-

bandwas used for EMG signal acquisition by reading the mus-

cles’ electrical activity with its 8 sensors which are then

transmitted to the computer using Bluetooth technology

[61]. Fig. 7 shows the block diagram of the process for detect-

ing movement, the offline training and the online implemen-

tation. Each of the tests lasted 5 s, which is enough time to

obtain information on movement without the user suffering

from fatigue.
ocess. Offline training and online testing.
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2.3.1. Acquisition and processing of EMG signals
To train the classification algorithm, a database was created

with 225 tests for each movement, with each test correspond-

ing to a different subject. All tests were performed on the arm

of the non-dominant hand, and the database is available for

free download at [62]. During the sampling time of the test,

there is a delay at the beginning while the user starts to carry

out the movement which is considered as a noise. To detect

the muscle activity, an algorithm based on the evolution of

the signal over time using a combination of energy and zero

crossings was implemented as shown in Eq. (4).

C ¼
XL

m¼0

x m½ � � x m½ �j j � x m� 1½ � � x m� 1½ �j j ð4Þ

Eq. (4) is comprised of the mathematical formulation of

the Zero Cross Density, while the sign functions are multi-

plied by the Energy of the analyzed sample. Therefore, the

accumulated density depends on the change of sign of the

samples and their amplitude, meaning that the noise does

not result in an accumulation of density [63].

Subsequently, the signal is rectified and filtered with a But-

terworth low pass filter. The next step was the extraction of

signal features [64] and the features extracted from the signal

were: Waveform Length, Mean Absolute Value, Root Mean

Square, Variance, Kurtosis, Zero Crossing, Willison Ampli-

tude, Slope Sign Change, Entropy, and Average power. In total,

for each test taken 80 features were obtained, this is the result

of 10 features for the 8 EMG sensors on the MYO armband.

2.3.2. Classification of EMG signals
A large number of features does not guarantee the classifica-

tion algorithm’s accuracy, and it is important to use the most

relevant features in each movement [65]. The reduction of the

original set must be carried out under an evaluation criterion

known as selection of characteristics. For the generated data-

base, different data subsets were obtained with the algo-

rithms Sequential Forward Selection (SFS), Sequential

Floating Forward Selection (SFFS) and Random Subset Feature

Selection (RSFS). These algorithms were selected due to their

speed of convergence, higher learning accuracy and lower

computational cost [66]. The SFS algorithm starts working

from an empty set Y0 and the best feature is added to this

set. The feature xþ gives the highest correct classification rate

JðYk þ xþÞ which is then added to Ykat each step along with

the features which already included in Yk. The process con-

tinues until the correct classification rate given by Yk and

each of the features not yet selected does not increase [67].

The SFS algorithm performs the following steps:

1. Start with the empty set Y0

2. Select the next best feature xþ ¼ argmaxxþRYk
½JðYk þ xþÞ�

3. If JðYk þ xþÞ > JðYkÞ

3.1. Update Ykþ1 ¼ Yk þ xþ; k ¼ kþ 1

3.2. Go to step 2

4. End

One of the problems with the SFS method is that once an

element has been added it cannot be removed. SFFS permits

the removal of previous features added to the subset. It does
this by initially working from an empty set Y0 and in each

step a new subset is generated first by adding a feature xþ.

However, after this step the features x� is identified in order

to be eliminated from Yk until the correct classification rate

JðYk � x�Þ decreases. The iterations continue until no new

variable can be added because the recognition rate JðYk þ xþÞ
does not increase. The SFFS algorithm performs the following

steps:

1. Start with the empty set Y0

2. Select the next best feature xþ ¼ argmaxxþRYk
½JðYk þ xþÞ�

3. If JðYk þ xþÞ > JðYkÞ

3.1. Update Ykþ1 ¼ Yk þ xþ; k ¼ kþ 1

3.2. Remove the worst feature

x� ¼ argmaxx�2Yk
½JðYk � x�Þ�

3.3. If JðYk � x�Þ > JðYkÞ
3.3.1. Update Ykþ1 ¼ Yk � x�; k ¼ kþ 1

3.3.2. Go to step 3.2

3.4. Else

3.4.1. Go to 2

4. End

This algorithm is based on the idea of Random Forests and

Random k-Nearest Neighbors (kNN). It selects a set of features

that work better than an average feature of the available fea-

ture set. The most relevant feature set is obtained by repeti-

tively choosing a random subset of features from the set of

all possible features and then sorting the data with a kNN

classifier [68]. During each iteration, the relevance of each fea-

ture is adjusted according to the performance of the subset

classification in which it participates. Each characteristic is

evaluated in terms of its average utility in the context of many

other combinations of features. During each iteration i, the

RSFS algorithm performs the following steps [68]:

1. Randomly select a subset Si of n features f xðjSij ¼ nÞ from

the full set F by sampling from a uniform distribution.

2. Perform kNN classification on the given data set using Si

and computes the value of a desired criterion function ci
which measures classification performance.

3. Update relevances rj of all used features f j by replacing

them with

r0j ¼ rj þ ci � Ec ð5Þ
4. Repeat the process from (1) with a new random subset.

The algorithms described above were implemented in

Matlab. A subset of 9 features were obtained by the SFS algo-

rithm, 16 features by SFFS and 30 features by RSFS. The

results and the procedure are described in more detail in

[69]. The obtained subsets were used to train four classifica-

tion algorithms. Moreover, the machine learning techniques

employed were Support Vector Machine (SVM), k Nearest

Neighbors (kNN), Linear Discriminant Analysis (LDA) and

Decision tree learning. Table 2 shows the accuracy results of

each of the algorithms with the different subsets of features.

The selection of the subset feature has a major impact on

the final performance of the classification algorithms, both

positively and negatively. For example, in Table 2 can be seen



Table 2 – Accuracy results for different classification algo-
rithms (%).

Feature selection Classification algorithm

algorithm kNN SVM LDA Decision tree

SFS 67.1 74.2 71.0 71.3
SFFS 69.9 75.3 73.8 71.6
RSFS 81.2 77.5 76.0 74.1

Without 74.1 73.6 69.3 70.8
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that kNN with the entire group of features has a better perfor-

mance than when SFS and SFFS is applied. This is because the

feature subsets do not fully describe all classes. Due to the

nature of the algorithmwhen receiving a new data to classify,

it takes the closest or neighboring data of it, however, these

do not correspond with the features of the real class. With

regards to the RSFS, each feature is selected depending on

its performance when it is evaluated within different subsets.

This is in contrast to the SFS and SFFS where each of the fea-

tures is directly included or excluded from the final subset of

features. Therefore the relevance of the RSFS is adjusted

because of the influence it has on various random subsets.

It is for this reason that RSFS has a lower probability of con-

verging to locally optimal solutions. It is possible to visualize

this fact with the results shown in Table 2 where for the four

classification algorithms, the best result is obtained by apply-
Table 3 – Performance comparison of classifiers for different bo

Reference Classifier Accuracy N

Our proposal kNN-RSFS 81.2%

[22] Multiclass SVM 98%

[23] SVM 97%

[24] SVM 93%

[25] PSO-PVM 97%
[26] ANN 98.7%

[28] SVD-WDBN 83.8%

[29] LDA-kNN 71.17%

[31] kNN 88%
[32] kNN 94%

[34] RF Not specified

[37] ANN, SVM, kNN 98%

[40] HRM 98%

[41] ADANN 81.38%

[42] ANN 67%
ing an RSFS selection. Although not everything depends on

the features selection, the behavior of the classification algo-

rithms is an important factor regarding performance. In con-

trast to kNN, SVM makes a separation by hyperplanes where

each new data to be classified is evaluated for its membership

to each group. Therefore, when SFS and SFFS are used with

SVM, its performance is improved.

In Table 3 a comparison of different issues from our pro-

posal with other EMG signal classifiers is presented. Most of

the mentioned works report classification results based on

only a few numbers of test subjects, while the results reported

in this work consider 225 test subjects with an accuracy of

over 80% which are in the range of the results reported in

Table 3 (from 67% to 98%). As previously mentioned, the per-

formance of the EMG signals classifier can be strongly

affected by the variation in the placement of EMG sensors

and this effect can be reduced by using a large database as

proposed in this work.

2.4. Control system

2.4.1. Design of the fuzzy controller
In the literature, a variety of control techniques can be found,

including classical ones such as Proportional Derivative (PD)

control, Proportional Integral Derivative (PID) or other more

modern techniques that improve the system’s response such

as the Linear Quadratic Regulator (LQR) controller or Sliding

Modes (MD). The application of PID controllers has been car-
dy movements with diverse number of test subjects.

umber of
subjects

Identified
motions

Sensor
location

225 Cylindrical grip,
fist, tip pinch

Forearm

6 Shoulder
retraction/protraction

Shoulder

5 Elbow
flexion/extension

Forearm

62 52 hand
movements

Forearm

27 Elbow flexion Arm
12 Double tap

wave in/out, fist
Forearm

8 Shoulder and elbow
flexion/extension, fist

Shoulder, arm
and forearm

9 Wrist, thumb, index
flexion, fine pinch fist

Arm

25 Not specified Arm
13 Fist, thumb and index

flexion/extension
Arm

6 Walk back
and forth

Leg

20 Thumb, index
flexion, closed hand

Forearm

4 Open hand, fist
spherical grip

Forearm

22 10 hand
gestures

Forearm

5 Wrist and elbow
flexion/extension

Arm
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ried out on different rehabilitation devices, the majority for

the upper limb without covering the hand. The design and

application of artificial intelligence-based control techniques

such as fuzzy versions of PD or PID controllers are currently

under development. Owing to the advantages offered by fuzzy

controllers (e.g. no dynamical model required, robustness,

flexibility [70,71]) a fuzzy PD control was implemented in

the exoskeleton. The task for the controller was established

as a tracking problem, where the references are the desired

trajectory of each phalanx previously obtained by the motion

capture technique. The system outputs are the measured

angular positions of the exoskeleton joints. There are three

stages to designing the fuzzy controller:

� FuzzificationFuzzy-type controllers have membership

function set inputs, meaning that the input variables are

linguistic-like. For this particular controller the linguistic

variables are Error, Change, and Voltage, while the linguis-

tic terms are negative, zero and positive for each variable.

The fuzzy driver inputs are Error (e) and Change error

ðde=dtÞ, and the error is defined as the difference between

the desired angle and the actual angle. The range of values

between which the error is defined are [-1,1], and at each

encoder reading the error is updated and normalized. An

error with a value of 1 means that the phalanx is at 0�.
Additionally, the controller output is a value corresponding

to the high cycle of the pulse width modulator (PWM),

which controls the speed of the actuator. The functions

that model the linguistic terms are trapezoidal. Due to

the necessity of two PWM signals and nine input/output

ports (GPIO) for every two motors, the controller was

implemented on an Arduino Due development board

where 8 PWM and 36 GPIO ports are used for motor drivers

and encoders. In order to generate the PWM signal, it has

to work with an 8-bit resolution [0–255] which is equivalent

to 0–100% of the duty cycle. For the undertaking of the

tests in this project, the maximum duty cycle to be gener-

ated by the card is 21%, since at this speed the motion cap-

ture system can acquire consecutive data without

confusions between the marks.

� Fuzzy rules.Fuzzy rules are established to relate the inputs

to the outputs, making combinations of the input groups,

since there are two inputs with three linguistic terms each

with nine rules needed. The implemented rules are shown

with greater detail in the work presented in [72].

� Inference system.The inference method to be used for the

fuzzy intersection is the Mandani method [73]. To obtain

this phase, the Matlab software tool is used, with the help

of the fuzzy logic toolbox.

2.4.2. System integration
In order to communicate the computer with the exoskele-

ton, an Arduino development board acquires the pulses

per revolution from the encoder and generates the PWM sig-

nal. Several factors were considered when selecting this

platform such as: the number of pins available, the number

of PWM pins, processing capacity, programming language

and memory. An Arduino Due board was selected, as the
Due version of the Arduino has 14 PWM and 54 GPIO pins.

The control of the DC motors is carried out on the board,

while the fuzzy system was created in this same language

with the parameters and tuning of gains obtained from Mat-

lab. To control the motors and receive information from the

encoders, a printed circuit board (PCB) that connects to the

Arduino and the drivers was designed. This PCB provides

the necessary ports for communication and power supply

of the exoskeleton. The Arduino receives the values that

each of the motors must reach as the reference values from

Matlab through serial communication. During each iteration

the position of the motor is updated through information

from the encoders, and the values of error and the change

of the error are obtained. In order to deduce the PWM signal

to be generated by the Arduino, the values are updated in

each iteration by means of defuzzification of the fuzzy sys-

tem. When the fuzzy controller reaches the desired values,

the system pauses for 6 s to resume the movement of the

motors, but now in reverse and to return the phalanges to

the initial position. The exoskeleton’s internal motors are

connected to a data acquisition card for data transmission

to a computer. The computer receives the signals from the

MYO armband and they are recognized in the graphical user

interface.

� Computer for signal processing

� Mechanical system

� Control and data acquisition system

� Instrumentation system

� Test grip elements (plastic cylinder and down)

2.4.3. Design of a Graphical User Interface (GUI)
A graphical user interface (GUI) was developed to provide a

user friendly interaction between the exoskeleton and the

user. The developed GUI receives the EMG signals and sends

the references for each of the exoskeleton’s phalanges with-

out a user interference during the undertaking of the process.

The guidelines established during the GUI design process

were to have clear and concise texts and graphics, colors

commonly used in the medical area, intuitive menus, integra-

tion of all subsystems and presentation of the elements in an

accessible way. The requirements of this type of systems

must be proposed based on usability concepts in order to

design a system that user friendly and easy to learn. Three

concepts must be considered during the design to achieve this

goal: satisfy operating requirements, complete tasks effec-

tively and make the user feel comfortable when interacting

with the interface.

In accordance with the established requirements, the

graphical interface was developed in Matlab, because the pro-

cessing and classification of the signals are carried out using

this software. A screenshot of the developed GUI is shown in

Fig. 8 and is divided into four main sections.

� Execution: In this section there are two options: Start and

Stop. When the user presses the Start button, the system

begins execution with the acquisition of the EMG signals

and movement of the exoskeleton.



Fig. 8 – Main view of the Graphical User Interface.
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� Notifications: During the execution of the application, dif-

ferent messages are displayed to guide the user. For exam-

ple, a warning appears when there is gripping, periods of

rest and when the exoskeleton’s movements start and

finish.

� System: It is possible to add a new test to the database and

recalibrate the classification algorithm, incorporating new

data into the system thereby making it more robust.

� Graphics: In this section the three movements that the

system reproduces are shown. An icon changes color

depending on the movement that is detected, while the

graphics of the acquired EMG signals are shown in this sec-

tion as well.
Fig. 9 – General view of the complete system.
In order to start a new test only the ‘‘Start” button needs to

be pressed, and the system will show different legends in the

notifications section. The system starts by loading the MYO

armband’s libraries, and when it is ready to start data acqui-

sition, a notification is displayed for the user to perform a

hand movement. The data acquisition period lasts 5 s, and

once acquired, the sample conditioning process begins. The

signal is trimmed to detect muscle activation, filtered, nor-

malized and its characteristics are extracted with which the

membership will be evaluated. When the system produces a

result, the colors are inverted to the figure corresponding to

the movement in the graphics section. Fig. 8 shows the main

screen of the program when a cylindrical grip movement is

detected, and the figure with the cylindrical grip is high-

lighted. It is possible to press the ‘‘Stop” button at any time

which stops the system, whereby the application closes and

if the exoskeleton is in motion, it stops. An overview of the

elements of the system is shown in Fig. 9.

3. Results

The tests to analyze the performance of the system were car-

ried out with the authors of this article. The EMG signals were

obtained from the authors’ left hand and the exoskeleton

placed in the right hand replicated the movement. Fig. 10

shows the final position of the exoskeleton for a fist-lock

and cylindrical grip test.
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To assess the exoskeleton’s performance, tests were per-

formed with the motion capture system, with marks placed

on each of the exoskeleton’s phalanges as shown in Fig. 11

a). While Fig. 11 b) shows a general view of the scenario

where the tests were performed, the user was positioned

in the center of the room to cover the different planes with

the cameras. Due of the size of the marks, there is the pos-

sibility of confusing the system and collecting erroneous

data, therefore, the tests were carried out with each one of

the fingers. The exoskeleton was placed on the hand of a

healthy person and the measurements were obtained with

reference to a mark located on the wrist. During the tests,

the mark located on the wrist was the reference for the sys-

tem’s calibration.

After collecting the test results for each of the fingers of

the different movements, the trajectory analysis was per-

formed in Matlab. The data were conditioned with rotation

matrices to compare the results obtained from the exoskele-

ton’s movement and from the healthy hand. One way to visu-

alize the range covered by the exoskeleton of each of the

movements is to plot both trajectories, as shown in Fig. 12.

The plot shows the path that the exoskeleton’s index finger
Fig. 10 – Final position of the exoskeleto

Fig. 11 – Prototype motion testing with MOCAP. a) Exoskeleton w

capture scenario.
should follow to perform a fist and cylindrical movement.

The curves for each of the phalanges are shown in a different

color. Similarly, this analysis of the results was performed for

the hand’s five fingers with the three different grips.

The three movements for the middle finger are shown in

Fig. 13. The results of the index and middle finger are pre-

sented because during the fine gripper movement they have

a different range of motion.

The movement curves of the exoskeleton are very similar

to that of the finger, which serve as a reference in the con-

troller. The error was calculated based on the measurements

obtained with the motion capture system, considering as a

reference the final position to which the exoskeleton should

arrive and which are defined by the data from Table 1. Table 4

shows the error for each of the fingers’ phalanges when per-

forming the proposed movements. The data are reported in

percentage of error, where the smallest value is the closest

to the reference value.

To obtain the error of each of the phalanges, several tests

were carried out on each of the fingers, and the average for

the measurements obtained are those reported in this docu-

ment. The maximum observed error is 10.63% and the mini-
n: (a) fist-lock and (b) cylindrical test.

ith marks used with the motion capture system, b) Motion



Fig. 12 – Comparison of results obtained from the exoskeleton and the ranges of movement of a healthy hand for the index

finger in fist, tip pinch, and cylindrical grip movement.
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mum is 3.46%. In terms of angular movement, this is equiva-

lent to a difference of 1.89� and 0.07�. For each test both of the

user’s hands were involved. The MYO armband was placed on

the left arm, while the hand’s movement was carried out with

the right arm, assisted by the exoskeleton.

The most significant errors occurred when undertaking

small movements, and the results obtained are strongly influ-

enced by themechanical system due to the tolerances consid-

ered for assembly. This error is also caused by the margin of

error that exists in the control compared with the desired

value in the motors that receives a signal of zero PWM. If

the response time and processing of the Arduino develop-

ment board reduces the margin, the motors start to oscillate
on the desired value without being able to establish itself.

To avoid this, the range in the PWM signal with a 0% of duty

cycle is extended. Currently, this margin of error is visually

imperceptible visually which is also the case regards to ther-

apy. However, it can be reduced with the application of the

control system in another development board with a greater

processing capacity along with improved actuators.

4. Discussion

The results in Table 4 show that the exoskeleton successfully

reaches the desired positions for all three types of grip. One of

the disadvantages of the exoskeletons reported in the litera-



Fig. 13 – Comparison of results obtained from the exoskeleton and the ranges of movement of a healthy hand for the middle

finger in fist, tip pinch, and cylindrical grip movement.

Table 4 – Global movement errors with the exoskeleton placed on the hand (%).

Movement Phalanx Thumb Index
Finger

Middle
Finger

Ring
Finger

Little
Finger

Total

Fist Proximal 7.57 7.89 7.03 9.49 7.59 7.91
Middle 9.42 6.89 7.07 7.20 8.42 7.80

Tip Pinch Proximal 7.32 6.93 5.96 6.55 6.50 6.652
Middle 6.67 7.07 7.06 6.24 6.25 6.658

Cylindrical Proximal 8.17 10.63 3.46 6.56 3.58 5.76
Middle 7.89 7.40 5.71 3.76 5.02 5.95
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ture is the scarce amount of information reported on the

kinematic performance of the devices. Most of the studies

report the error in terms of the percentages of tasks success-

fully completed compared with the total number of tasks exe-

cuted. For this type of device focused on the medical field, it is
essential to report the final positions of each of the mecha-

nism’s phalanges compared to the desired values. Table 5

shows a comparison of the kinematic performance of the

exoskeleton reported in this work with those reported by Cas-

tiblanco et al. [19] and Gull et al. [74] for the fist and cylindrical



Table 5 – Error comparison of kinematic exoskeleton performance.

Movement Device Phalanx Thumb Index Finger
Middle

Ring Little Error
Model

Fist Reported in [19] Middle – 18 17 19 20 Percent
Our design Middle 9.42 6.89 7.07 7.20 8.42 Percent

Cylindrical Reported in [74] Proximal 3.59 – 8.26 5.9 – RMSE
Middle 9.68 – 4.40 3.01 – RMSE

Our design Proximal 2.87 1.90 0.07 0.12 0.07 RMSE
Middle 3.54 2.76 0.20 0.11 0.15 RMSE

Table 6 – Comparison of different exoskeleton systems for hand rehabilitation.

Reference EMG
signals

Number of
fingers

Hand
movements

Finger
mechanism

Motion
capture

Kinematic
evaluation

Weight GUI

Our device Yes 5 Fist, pinch,
cylindrical

Rack-pinion
mechanisms

Yes Yes 730 g Yes

[19] Yes 4 Four hand
movements

8-bar No Yes Not
reported

No

[21] No 1 Finger
flexion

4-bar No Yes Not
reported

No

[35] Yes 5 Cylindrical 4-bar No No 950 g No
[40] Yes 4 Four hand

movements
Pneumatic
actuators

No Yes Not
reported

No

[42] Yes 5 Three hand
movements

Bowden
tubes

No No 258 g No

[43] Yes 5 Fingers
flexion

Shape
memory

No No 310 g No

[74] No 5 Hand open/
close

Soft
muscles

No Yes Not
reported

No

[75] No 5 Fingers
flexion

Bar
linkages

Yes Yes 610 g No

[76] No 1 Finger
flexion

Bar
linkages

No Yes 45 g No
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grasping movements, respectively. In order to facilitate its

interpretation and comparison, the obtained error results

reported in Table 4 were also given in terms of the Root Mean

Squared Error RMSE.

The exoskeleton reported in [19] only explicitly reports the

errors obtained for the middle and distal phalanges of the

index, middle, ring and little fingers, while in [74] the results

are only reported for the thumb, middle and ring finger for the

three phalanges, despite the exoskeleton having been

designed for the five fingers of the hand. From Table 5 it can

be observed that the design presented in this work has a

superior kinematic performance with an error between

6.89% to 9.42% for the middle phalanx in a fist grip compared

to other devices that report between 17% to 20%with the error

given as a percentage of the mean absolute error (MEA). For a

cylindrical grip, the reported RMSE error is in the range of

3.59–8.26 for the proximal phalanx and 3.01–9.68 for the mid-

dle phalanx. These values are larger than those reported in

this work, with an RMSE error in the range of 0.07–2.87 and

0.11–3.54 for the proximal and middle phalanx, respectively.

One of the advantages of the methodology used in this

work is the use of motion capture, which facilitates the trajec-

tory tracking of all the fingers and all the phalanges. This is in

contrast to tests which use video analysis techniques where it

is only possible to analyze the index finger due to the cam-
era’s position. For example, the study by Moreno-SanJuan

et al. [75] only reported an error of 6.5% for the index finger

of the metacarpal phalanx, while Hsu et al. [76] only reported

the results for the finger tip.

Table 6 presents a comparison between the device pro-

posed in this work and other devices previously reported in

literature. The characteristics taken into account for this

comparison include if the exoskeleton uses EMG signals for

its control, the number of fingers that the exoskeleton has,

the movements considered for testing, the mechanism used

for finger movement, if a motion capture system is used for

the kinematic evaluation, the device’s weight and the devel-

opment of a GUI for system operation. As can be observed,

neither of the referenced exoskeletons reports a GUI for sys-

tem operation, while only one [75] uses a motion capture sys-

tem for evaluating the kinematic performance. Some of the

devices have been developed with fewer than 5 fingers

[19,21,40,76] or they do not have independent movement for

each finger [35].

5. Conclusions

In this article, the design and implementation of an instru-

mentation and control system for a prototype hand exoskele-

ton focused on assisted rehabilitation was presented. For



d i a b e t e s r e s e a r c h a n d c l i n i c a l p r a c t i c e 4 2 ( 2 0 2 2 ) 5 9 6 –6 1 4 611
prototyping, the use of 3D printing provides advantages such

as obtaining complicated geometries and redesigning in short

timeframes for testing. An EMG signal database with three

different hand movements was created, which is available

in a repository and can be downloaded for free. It can be used

by people who work in a similar field of research or for aca-

demic purposes, since it is one of the largest databases

reported where each of the samples comes from a different

person. The kNN algorithm with which the EMG signals were

classified obtained the best performance compared to other

algorithms, with a result of 81.2%. When the same algorithm

was tested with a database of seven tests for one user, results

were higher than 95% accurate. Evaluations were made with

support vector machines and decision trees, but their perfor-

mance did not exceed 77% of classification, therefore they

were discarded for implementation.

In the performance control evaluation, the maximum

error obtained is 10.63% for the proximal phalanx of the index

finger in a cylindrical grasp. Physically this difference repre-

sents 1.89� less compared to the desired angle. In terms of

angular movement, the largest error obtained is 5.7� for the

middle phalanx of the index finger for the fist, although its

error percentage is equivalent to 6.89%. These obtained

results were quantitatively compared with data from similar

devices recently reported in the literature showing a superior

kinematic performance of the proposed exoskeleton. These

results demonstrate that it is possible to use other controller

options, such as fuzzy logic, which do not depend on the sys-

tem model but nevertheless provide accurate performance.

Moreover, the developed GUI provides a friendly interaction

between the exoskeleton and the user by allowing bidirec-

tional communication between the system and the user. Fur-

thermore, there is even the possibility of extending the

database used for the classifier training by adding new test

data.

The control and instrumentation for an exoskeleton proto-

type shown in this article is the first step to a functional sys-

tem that can later be tested with other users or patients.

Therefore, it is susceptible to improvements and changes in

the algorithm for signal classification and control. At this

stage of the project, the exoskeleton can only be used for

symmetrical bilateral movement. Therefore, the asymmetri-

cal bilateral hand movement for interlimb coordination could

be considered for another future work.
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