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ABSTRACT

Robotic exoskeletons inspired by the animal’s external covering are wearable systems that enhance human power, motor skills,

or support the movement. The main difficulty, apart from the mechanical structure design, is the development of an exoskeleton

control system, as it should recognize the movement intended by the user and assist in its execution.

This work is devoted to the exoskeleton of the upper limbs that supports movement. The method of controlling the exoskeleton

by means of electromyograms (EMG) was presented. EMG is a technique for recording and assessing the electrical activity

produced by skeletal muscles. The main advantage of EMG based control is the ability to forecast intended motion, even if the

user is unable to generate it. This work aims to define strategies for controlling the exoskeleton of the upper limb in children

suffering from neuromuscular diseases. Such diseases gradually reduce the mobility of the lower and upper limbs. These

children are wheelchair bound, so it was assumed that the upper limb exoskeleton could be attached to a wheelchair.

EMG signals are recorded, amplified and filtered. An artificial neural network using fuzzy logic to process EMG was used.

This network predicts movement trajectories. Using this forecast and taking into account the feedback information, the control

system generates the appropriate drive torques.

1 Introduction

The exoskeleton is an integrated mechanical device that can be worn and attached to the limbs to increase the handling capacities

of the human or to compensate for his muscular weakness1,2. The range of applications of robotics exoskeleton is wide and

in continuous expansion. Many are the fields in which using these wearable devices has significant benefits: for example, in

the manufacturing sector exoskeletons are empowering the workforce increasing production efficiency and reducing human

injuries,3,4, or5. However, the most challenging applications of these assistance devices are related to the medical field,6,7,8,

or9. As a matter of fact, exoskeletons are designed to help patients with rehabilitation to restore motion skills and also improve

the level of physical activity after years of injury. Moreover, these robots represent a good solution for patients affected by

neuromuscular diseases, such as neuropathy and myopathy, providing essential support during the motion. Thus, through the

assistance of these wearable robots, these patients could be more independent and autonomous in their life, executing daily

tasks such as grasping an objects, eating, or walking. Van Dijsseldonl et al in10 presented a study that provides the amount,

purpose, and location of exoskeletons use by persons with spinal cord injury (SCI). The patients reported satisfaction with the

exoskeleton for exercising and social interactions at home and within the community, but reported limitations as an assistive

device during normal daily life. There is still much progress to be made in the development of exoskeletons.

Due to the complexity of a human limbs motion dynamics, the development of exoskeletons control methods is not a trivial

task. According to11, the exoskeleton control systems can be basically classified into two categories:

• physical parameters-based control systems, that can be divided into position controllers12 and force/torque controllers13

• model-based control systems, that can be divided into dynamic model-based controllers14 and muscle model-based

controllers

Muscle model-based controllers predict the muscle forces as a function of muscle neural activities and joint kinematics by

using either the Hill muscle model15 or directly computing the torques from the EMG signals16,17.

This work describes the implementation of an EMG-based control system dedicated for an upper limb exoskeleton for

children suffering from neuromuscular diseases.

This paper is structured in the following way: the present section introduces the work and its outline, section 2 addresses

the problem statement, section 3 analyzes the biomechanics of the upper limb, section 4 presents the used dataset, section 5

describes the proposed control system concept, section 6 illustrates the obtained results and analyzes the error in estimating

both angular trajectories and torques. Section 7 summarizes the objective achieved within this project and illustrates possible

future works.



2 Statement of the problem

Among many potential options, muscle interfacing seems to be one of the most suitable solutions for controlling exoskeletons.

Even if muscular recordings are peripheral measurements (delivered by surface sensors) and not obtained directly from the

nerve cells, they contain neural information on the executed tasks. Consequently, the EMG signal is strictly associated with the

neural one.

Thus, from these signals, it is possible to estimate both the human motion and the force exerted by the user on the

environment. The main benefit is that the user does not need to supervise the joint control because the controller directly

attempts the intended motion.

Another advantage of using EMG-based control is represented by the surface EMG sensors as they are safe, non-invasive,

have a relatively easy application and allow gathering the signal at the surface of the skin.

The major drawback is that the features of the EMG signal can be altered significantly by a lot of factors including changes

of the electrode position or in the impedance of the electrode, muscle fatigue, cross-talk among adjacent muscles and even the

skin thickness.

This work supports the design of an upper limb exoskeleton for children suffering from neuromuscular diseases. Generally,

these children are already not able to walk, which is limiting their motion to the use of the wheelchair, so an upper limb

exoskeleton is proposed as a solution to preserve the motion independence of the upper part of their body. Therefore, the use of

this wearable robot represents a motivating way to improve their motion abilities and therefore their life.

An artificial neural network (NN) applying fuzzy logic to the pre-processed EMG signals was implemented. The Fuzzy

Logic Toolbox from Matlab® was used to predict the movement. Basis on this forecast and taking into account the feedback

the concept was tested. For this purpose the inverse dynamic model of the limb system was implemented in Matlab. Through

the Lagrangian formulation and using as an input the difference between the predicted joint angles and the actual joint angles

measured by the motion capture system, the torques needed for actuating the exoskeleton were obtained.

3 Biomechanics of the upper limb

The upper limb is composed of three main parts: the shoulder, the elbow, and the wrist with the hand, Fig. 1. However,

considering the features of this project, the analysis will be focused only on the first two parts. As shown in the following figure,

each part is composed of bones, muscles, and joints.

Figure 1. Upper limb,18.

The shoulder is a complex joint able to perform omnidirectional movements, while the elbow is a hinge joint as it bends and

straightens like a hinge. Another movement also occurs where the radius meets the humerus, which allows turning the hand

palm up and down.

Considering the complexity of the shoulder joint, it was chosen to base this work on a simplified model of the upper limb
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which consists of two parts - the upper arm and the forearm with two joints - the shoulder and the elbow, - one degree of

freedom (DoF) each, Fig 2.

Figure 2. Simplified kinematic model.

The body reference frame is attached to the centre of the shoulder (S). Parameters l1 and l2 are the lengths of the upper arm

and the forearm respectively. The joint variables, q1 and q2, represent the rotation of the shoulder and the elbow around the

x-axis, meaning the flexion/extension motion. Therefore, these simplifications lead to describing the dynamic model of the

upper limb as follows.

D(q)q̈+C(q, q̇) = DΓΓ (1)

Here q = (q1,q2)
⊤, D(q)(2×2) is a symmetric positive definite inertia matrix, C(q, q̇)(2×1) is a vector, which groups the

centrifugal, Coriolis, and gravity forces. Vector Γ(2×1) groups the applied joint torques applied in the shoulder and elbow.

DΓ(2×2) is a matrix composed of the 0 and ±1 given by the principle of virtual works19.

Flexion and extension are the joint actions that move the limb in the sagittal plane. The main muscles involved during the

shoulder flexion are the pectoralis major and the anterior deltoid; during the extension, the latissimus dorsi, and the posterior

deltoid20. The elbow flexion is achieved by triceps brachii and anconeus while the extension by brachialis, biceps brachii,

brachioradialis21.

4 Dataset

The dataset used in this work was provided be the Warsaw Children Memorial Hospital and consists of twelve trials in which

a healthy male adult subject performs the flexion/extension motion of the elbow holding different loads in the hand (0, 1, 2,

and 5 kG). The trials are arranged in three groups of four trials each, depending on the position of the subject. In the first

group, the subject stands upon one force platform during the recording of the motion. In the second group, he stands upon two

platforms, while in the third group, he is seated. The dataset includes the EMG data recorded from 16 channels, attached to the

main muscles of the upper limb, the positions and the angles of the whole body acquired by using capture motion device, the

moments and the forces of several parts of the body. Moreover, the provided EMG data were already processed: the signals

were amplified to a range of 0−5V and filtered to reduce the noise.

In our research, two features were extracted from the EMG signal recorded from channels number 10 and 14 and used as

inputs for the fuzzy neural network. It was chosen to use these channels as their electrodes are above the main muscle group that

contracts more intensively during the performance of the designed movements. The data were recorded using VICON system
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with the dedicated software. Besides of the research purposes, the system is used by hospital for diagnosing the children’s

neural diseases, and for testing the rehabilitation and medication processes.

The selected features were the root mean square (RMS) and the maximum fractal length (MFL), obtained using a software

package, developed with Matlab by T. Jingwei et al22. The feature RMS characterizes the magnitude of the signal: it represents

the effective value of the electrical signal and it gives a measure of the signal power. It is computed using the equation below:

RMS =

√

1

N

N

∑
i=1

x2
i (2)

in which xi is the signal value at i-th sampling and N is the number of samples in a data segment.

The feature MFL represents the density of motor unit action potential, in other words, the muscle contraction strength23, it

is computed by the following formula:

MFL = log10

(

√

N−1

∑
i=1

(x(i+1)− x(i))2

)

(3)

in which N is the signal length, while x is the signal. As shown in the literature, it is very similar to the waveform length on

a logarithmic scale, thus it is less sensitive to the noise.

5 The control system design

The block diagram of the proposed control concept is given in Fig. 3.

Figure 3. Control system design.

The EMG signals are acquired from the subject to retrieve information about the muscle activity. Since the measurements

are easily affected by disturbances, the signals are filtered and processed. Two features, the RMS and the MFL, were extracted

from the signals and used as inputs for the fuzzy NN to predict the angular trajectories. The angles are delivered by the fuzzy

NN. The result is compared with the actual angles and based on this difference, the driving torques are determined. The torques

should be applied to the exoskeleton drive system. In our case the exoskeleton is still in the design stage, therefore we used the

detailed model of the upper limb available in the OpenSim instead.

Fuzzy NN

An adaptive network using fuzzy logic was implemented in such way that, based on the processed EMG signals, it was able

to estimate the intended angular position, Fig 4. The inputs are the RMS and the MFL extracted from the processed EMG

signal. As stated before, the first one characterizes the amplitude of the EMG signal, while the second one is proportional to the
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Figure 4. Fuzzy NN.

strength of muscle contraction.

The fuzzy NN is a hybrid system of fuzzy logic and NN technique. In fact, while fuzzy logic deals with the imprecision

and the uncertainty of the system, the NN gives it a sense of adaptability. The model scheme of a fuzzy NN is shown Fig. 5.

The fuzzy NN is governed with the following IF-THEN rules24:

• If x is A1 and y is B1, then f = C1;

• If x is A2 and y is B2, then f = C2;

Figure 5. Fuzzy NN architecture.

The IF-THEN rules define the state of the output depending on the state of the inputs, following such principle: IF the input

variable is in a certain state, THEN the output will have that specific state. Available in Matlab Mandani type25 of fuzzy NN

was applied.

The architecture of the fuzzy NN consists of five layers. The fuzzification layer takes the input values and determines the

membership functions belonging to them. The inference layer generates the firing strengths for the rules with product method.

In the implication and the aggregation layers, the computed firing strengths are normalized and aggregated respectively. The

defuzzification layer returns the output.

For the elbow, the input space was assigned to three fuzzy sets: low, medium and high, Fig. 6. Each set represents the

intensity of the muscle activation: when the input belongs to the low fuzzy set, the muscle is resting, when it belongs to the

medium, the muscle is powering the motion; while when it belongs to the high, the contraction of the muscle is very intense. To

increase the accuracy of the results in both inputs, the medium set was divided into two subsets and as the MFL ranges from 0

to 2, the same logic was applied to the high set.

The choice of Gaussian function increases the sensitivity of the system and allows obtaining smoother results. The functions
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present almost the same width, which is found by trials and errors.

Figure 6. Membership functions inputs - elbow.

Figure 7. Membership functions output - elbow.

The same logic was applied for the output, Fig. 7. The relationships between the inputs and the output are defined through

the following IF-THEN rules:

1. If (RMS is low) and (MFL is low) then (angle is low)

2. If (RMS is medL) and (MFL is medL) then (angle is medL)

3. If (RMS is medL) and (MFL is low) then (angle is medL)

4. If (RMS is medH) and (MFL is medL) then (angle is medH)

5. If (RMS is medH) and (MFL is medH) then (angle is medH)

6. If (RMS is medH) and (MFL is highL) then (angle is high)

7. If (RMS is high) and (MFL is highL) then (angle is high)

The fuzzy NN of the shoulder was more complicated to implement as the motion performed in the given dataset is very limited.

The logic behind the implementation of the membership functions is the same as for the elbow, Figs 8, 9. For the RMS, it is

noticed that merging the medium and the high sets into a unique one improves the accuracy of the results.

To characterize the output status depending on the inputs, the following IF-THEN rules are formulated:
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Figure 8. Membership functions inputs - shoulder.

Figure 9. Membership functions output - shoulder.

1. If (RMS is low) and (MFL is low) then (angle is low)

2. If (RMS is low) and (MFL is med) then (angle is low)

3. If (RMS is low) and (MFL is high) then (angle is med)

4. If (RMS is high) and (MFL is low) then (angle is med)

5. If (RMS is high) and (MFL is med) then (angle is high)

6. If (RMS is high) and (MFL is high) then (angle is high)

6 Results

To test the accuracy of the angles prediction, the obtained angles were compared with the adequate angles of a human upper

limb. The computed and real torques were compared as well. Obtained results are discussed below.

The EMG signal is a biological signal which directly reflects human muscle activities generated when the muscles contract.

Thus, it is the reflection of the user’s motion intention that allows estimating the movement before it is effectively performed.

For both shoulder and elbow, Figs. 10 and 11 shows the angular trajectories obtained from the fuzzy NN and the actual

angular trajectories, which were delivered by the VICON motion capture system at 100 Hz. The angular trajectories from the
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fuzzy NN are advanced in time towards the actual angles, meaning that the proposed control method is predictive. Therefore,

for testing the control system, it was necessary to evaluate the time shift of the fuzzy NN outputs to coincide with the actual

movement.

Figure 10. Shifted Fuzzy NN results - shoulder.

Figure 11. Shifted Fuzzy NN results - elbow.

The motion estimation error was expressed as the difference between the shifted output of the fuzzy NN and the actual

angle delivered by the capture motion system, Fig. 12. In the shoulder, it is in the range [−5,5]◦ during almost all the time.

However, in the time 4−6s, the error is bigger, reaching its peak of nearly 15◦. In the elbow, the error is near to zero for the first

two seconds and in the time 6−8s, which is the resting and the flexion, while during the extension, it varies from −10 to 10◦.

Analyzing these results, the Bland & Altman method26 was applied to compare the two angular trajectories and quantify

the compatibility of the angles from the fuzzy NN and the actual angular trajectories (delivered by the motion capture system).

Firstly the comparison was made for the shoulder (Fig. 13). For each sampling time the difference between the fuzzy NN

output and the actual angular trajectories is plotted against the average. It was detected that 93% of the differences between the

results from the fuzzy NN and the actual angular trajectories lie between the limits of agreement, represented by red dotted

horizontal lines. It means that there is a certain degree of similarity between the two methods, however the level of agreement is
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Figure 12. Difference between the output of the fuzzy NN and the recorded motions for the shoulder and elbow.

a bit lower than expected.

Figure 13. Bland-Altman method applied for the shoulder motions.

For the elbow, 95% of the difference lies between the limits of agreement, which proves that there is strong correlation and

agreement between the results delivered by the the fuzzy NN and the real angular trajectories , Fig.14.

As the proposed control system is predictive for both shoulder and elbow, it is expected that torques, which are computed

using the inverse dynamic model (1), are earlier in time towards the actual torques provided by the dataset. For both, the

shoulder and elbow the comparison of torque trajectories is shown in Figs. 15 and 16.

The computed torques are slightly shifted in time towards the actual trajectories, some small discrepancies in shape are

mainly due to the use of simplified planar two-link model (1). The most significant difference is in the minima, as the computed

torques don’t reach the same values as the actual ones. Moreover, in the shoulder plot, in the time interval 4−6s, a bit bigger

difference between the two trajectories is observed, such phenomenon is caused by the local inaccuracy in the shoulder angle
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Figure 14. Bland-Altman method applied for the elbow motions.

estimation by the fuzzy NN. The elbow torque estimation error is smaller than that of the shoulder, and is ranging [−0.5;0.5]
Nm.

6.1 Final validation using OpenSim

To validate the proposed control strategy, it was chosen to simulate the motion using OpenSim27, which is a software system

dedicated for building and analyzing computer models of the musculoskeletal system and for dynamic simulation of the

movement.

The movement analyzed in this work is the flexion/extension of the shoulder and the elbow joints, therefore it was possible

to use the OpenSim model called "Arm26", which is a right upper extremity model with two DoF (flexion/extension of the

shoulder and the elbow) and with three main muscle groups (biceps, triceps, and brachialis).

After scaling the physical parameters of the model according to the subject characteristic, the motion was simulated using

the angular trajectories delivered by the fuzzy NN. The torques were calculated using the simplified dynamic model developed

for controller. Next, for the real motion trajectories recorded by the motion capture system the motion was simulated using

OpenSim and Arm26 and the corresponding torques were obtained.

Both torque trajectories obtained using simplified model presented some noise and were not as smooth as the ones delivered

by the OpenSim. This difference is a consequence of the numerical schemes used for calculating the velocities and accelerations.

OpenSim has its efficient procedures for it, in which the data is filtered with a lowpass filter with a cut-off frequency of 6Hz. In

this work, the velocities and the accelerations were computed using linear approximation and then smoothed with a moving

average.

Without considering the discrepancies due to numerical schemes, the torques delivered by the control system represented

in Fig. 3, follow the same path as the torques computed by the OpenSim (Fig. 17 and Fig. 18). In some segments, especially

during the flexion, the two trajectories overlap perfectly while in other parts, there are small differences. For the elbow, the

most evident difference is that the torque computed by OpenSim reaches peaks almost 0.5Nm bigger than the torque delivered

by the control system. Moreover, there is a small time difference in both; flexion and extension motion performances.

7 Conclusion

In this paper, an EMG-based control system was developed as a part of the design of an upper limb exoskeleton to assist the

flexion/extension motion of the shoulder and the elbow.

The proposed control system was able to correctly estimate the angular trajectories and the torques needed for actuating the

exoskeleton, especially for the elbow. However, due to the limited motion records, the difference between the shoulder torques
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Figure 15. Shoulder: comparison of the computed torques and the torques provided by the dataset.

obtained from the control system and that one given in the dataset is little more significant than that for the elbow.

Future developments should include:

• the improvement of the results by optimizing the parameters of the membership functions of the fuzzy NN,

• testing the actions involving more DoF; extending the limb motion from planar to three-dimensional with hands

orientation changes as well,

• analyzing stability of the human/exoskeleton behavior for avoiding unexpected motions and stresses.
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Figure 18. Shoulder: Comparison of torque obtained by the OpenSim and the torque delivered by the control system.
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