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This study evaluates the effectiveness of superficial electromyography (SEMG) in the development of biocontrolled-exoskeletons,
through an analysis based on the findings of foreign and domestic literature on the subject. A brief historical background is provided. The
features reviewed include the registration, processing and analysis of the signals from superficial electromyograms in respect of biocontrol.
It is demonstrated that testing exoskeleton devices in association with SEMG provides an informative analytical tool for assisting in the
optimization of exoskeleton design in order to reduce the metabolic “cost” of locomotion. The use of signals from superficial myograms
during the operation of an exoskeleton have also been reviewed. The role of myography in studies of the fundamental physical processes
involved while adapting to an exoskeleton is described. We conclude that the potential for the use of SEMG in respect of biocontrol is related
to the new technical and mathematical possibilities available for the registration, transformation and classification of bioelectrical signals from

the muscles, and the isolation of their patterns of muscular activity.
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Historical background

The term “exoskeleton” refers to any electro-
mechanical system that can be worn by a person
to replicate the anatomical configuration of the
corresponding parts of the body, in order to enhance
the power of muscles by a direct transfer of mechanical
energy from the device to the human [1-3]. The history
of creation of external auxiliary equipment dates back
to the 19" century, when a Russian inventor Yagn
developed the “elastiped” — a device for making
walking, running and jumping easier [4]. However
active development of robotic devices, and in particular,
exoskeletons became possible only at the end of the 20®
century when computer microprocessors, sensors and
new materials appeared [5-9]. The beginning of the 21¢
century has been marked not only by unprecedentedly
fast development of completely new biocontrolled
exoskeleton designs, but also by the transfer of
exoskeletons from the sphere of science to the field
of their practical application, including in rehabilitation
medicine [10].

The main problems of using exoskeletons in medicine
are still their weight and cost, but for so-called active
exoskeleton devices it is also their dependence on an
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external power supply [11-13]. Because of these issues,
the main tasks today are to reduce the metabolic costs
to the person using the exoskeleton and to minimise
the amount of energy that is required to power the
exoskeleton [14-16]. The development of biomimetic
device operation strategies based on reproducing and
imitating the principles of biological processes plays
a key role in such solutions [14]. Therefore further
enhancement of exoskeletons is impossible without,
not only fundamentally new control technologies and
modern materials, but also without accurate data on
the physiology of movement, mainly the bioelectrical
activity of human muscles [14]. The method of superficial
electromyography (sEMG) is designed for recording
such activity, and has become an integral part of the
development of modern exoskeletons allowing the
investigation of muscular activity when an exoskeleton is
used, in order to optimise its design. The technique also
assists in exploring the use of muscle signals to operate
the exoskeleton; and in gaining new fundamental
knowledge of neuromuscular reorganisation for
developing strategies of adaptation and compensation
for damage to the body’s locomotor systems [17]. The
first attempts to use SEMG signals to operate an external
device appeared in the 1950s—1960s and concerned a
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hand prosthesis with one degree of freedom [18-20].
The development of modern controlled robotic devices
with different degrees of freedom has, to a great extent,
contributed to the importance of solving the problem
of obtaining and then adequately decoding SEMG
signals [21], but the approaches to the myocontrol of
exoskeletons, powered prostheses and ortheses all
have much in common [14].

Registration, processing and analysis
of superficial electromyogram signals
for biocontrol

Superficial (global, interference, total, cutaneous)
electromyography is a non-invasive method of
investigation allowing evaluation of the total bioelectrical
activity of muscles, at rest and when performing activities
with different degrees of coordination complexity. It
involves detecting bioelectric activity with surface
electrodes mounted on the skin over the motor points
of muscles, followed by further analysis of the signal on
the electromyographs [22-24]. By recording the total
activity of all activated motor units sEMG can indicate
the interaction of the motor units of a single muscle, or
of different muscles (synergists and antagonists), and
provide the possibility to investigate several muscles at
the same time (their number depending on the number
of electromyograph channels available) [25].

Despite the fact sEMG is considered the most
informative and appropriate method for the evaluation
of muscle functioning during exoskeleton use, its
application sets a number of challenges [26]. Firstly,
the nature of the SEMG signal depends not only on the
bioelectrical activity of the muscle concerned, but also on
many other factors (location of the electrodes, the size
of the muscle, skin contamination, external ‘noise’ etc.).
Secondly, surface electrodes are unable to record the
activity of all the muscles “responsible” for a particular
movement, but only of those that are located close to the
surface. Thirdly, for biocontrol it is necessary to isolate
the activity of each individual muscle from the total
signal. That is why special attention has to be paid to the
properties, construction and placing of the electrodes,
as well as to the mathematical processing of the
electromyographic signals in order to exclude artefacts
and to separate the signals from specific muscles [27].

The construction of the electrodes (their area,
type of surface and material), their fixing and location
on the muscle, orientation in respect to the fibre
direction, the interelectrode distance, and the quality
of skin preparation for sEMG recording are all aspects
regulated by recommendations developed by a
working group in the SENIAM project (surface EMG
for the non-invasive assessment of muscles project).
These recommendations were developed between
1996 and 1999 on the basis of an analysis of 144
studies concerning the effect of the placement and
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characteristics of the electrodes on the values of the
recorded biopotentials of muscles, and they are now
fundamental to all research in this area, making it
possible to compare the results obtained in different
laboratories [28-30].

To record sEMG signals, rectangular (square)
and round (oval) electrodes (sensors) can be used,
but ring-shaped electrodes 10 mm in diameter with
an interelectrode distance of 20 mm are considered
optimal. The material of the electrodes must provide
good contact with the skin, low “electrode-skin”
impedance and “stable” behavior over time (i.e. stability
of resistance and minimal chemical reaction with the
skin surface). Ag and AgCl are optimal as they provide
stable conductivity with a relatively low level of noise
and are readily available commercially. The electrodes
are placed in areas specified for such sensors (on a line
connecting two anatomical landmarks specific for each
muscle) and orientated parallel with the muscle fibres.
In respect of the longitudinal position, the sensor is
located at the mid-point between the most distal motor
point of the muscle and the distal tendon; transversely,
it is located at the maximum distance from the boundary
between the muscles under investigation and other
muscles or structures. The number of electrodes is
determined by the muscles from which the SEMG data is
to be recorded. The reference electrodes are located on
the wrist, on the spinous process of the C7 vertebra or
on the ankle, depending on the muscles being studied.

When electrodes are fixed to the skin, the
constructions with the set distance between the
electrodes made of light materials are used. The
cables are fixed with double-sided tape or an elastic
bandage in such a way as to avoid signal errors during
movement. To exclude artefacts and a high level of noise
the patient’s skin must be prepared for contact with the
electrode (by cleaning with alcohol). The electrodes are
positioned after the alcohol has completely dried.

Modern myographs (like the Delsys Trigno Wireless
System; Delsys, USA) allow the recording of sEMG
signals remotely, without using any connection cables
and this considerably reduces the number of artefacts
when the electromyogram is recorded, allowing it to be
used when complex actions are being performed. The
SsEMG sensors in these myographic systems contain
3D-accelerometers and the registration of the sEMG
signals can be performed simultaneously in different
channels (i.e. from different muscles at the same time),
which allows for the possibility of complex studies of the
character of the movements [31].

SENIAM recommendations regulate the requirements
for processing and modelling of the sEMG signals,
in particular, the passband of the myograph and the
frequency of digitising the electrical signals from
the muscles [29, 30]. The main problem with using
sEMG signals for biocontrol is their changeability and
instability, mainly due to external interference, electrode
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displacement, skin sweating and muscle fatigue [32, 33].
Attempts to eliminate the influence of muscle fatigue
involve the use of switching devices for when the signal
level varies [34] or the use of statistical methods, for
example, filtration [35]. Elimination of electrophysical
and mechanically-caused artefacts can be achieved
with the use of special filters in the electromyograph
and by appropriate selection of the frequency for
digitising the electrical signal from the muscles [36].
One of the main problems with sSEMG recording is
crosstalk, i.e. interference caused by the “leaking” of
signals from adjacent muscles. Mesin at al. and Farina
et al. [37—-42] give a detailed analysis of methods for
identification of crosstalk by simulating the crosstalk
during electromyography; to isolate the signal from the
target muscle one can use different pattern-recognition
algorithms for sEMG signal decoding, based on the
strategy of “pattern recognition”. Increased effectiveness
of signal isolation, to just that corresponding to
the muscular effort under study, is achieved by
synchronisation of the sEMG with video analysis of the
corresponding movements [43].

When recording sEMGs of the muscles of the
pelvic girdle and the lower limbs, the following
muscles are studied and used for biocontrol: gluteus
maximus  (gluteusmedius), tensor fasciae latae,
quadriceps femoris (rectusfemoris), quadriceps femoris
(vastusmedialis), quadriceps femoris (vastuslateralis),
biceps femoris (long and short heads), and the
semitendinosus. Recording sEMGs of the muscles of the
lower leg and foot includes the following muscles: the
tibialisanterior, peroneuslongus, peroneus brevis, soleus,
and the gastrocnemius. For sEMGs of the muscles of the
shoulder, neck and upper limb, the following muscles are
used for biocontrol: the deltoideus anterior, deltoideus
medius, biceps brachii, triceps brachii, flexor carpira
dialis, extensor carpiulnaris, and the pectoralis major
[26, 31, 43, 44]. As a rule, the recording is performed
for several muscles at the same time (the number of
muscles is determined by the number of myograph
channels available), and synchronously from the right
and the left sides of the body.

For each muscle, over a set period of time (for
example, for a given movement phase) the following
range of SEMG parameters are analysed: the averaged
maximum and minimum values of the bioelectrical signal
for the particular movement cycle; the total activity of
the muscle (integral activity); the percentage correlation
of the periods of tension and relaxation; the frequency
characteristics of the muscle [31, 43, 44]. For groups of
muscles, the parameters of synchronicity of the work of
agonist and antagonist muscles are calculated, and the
muscle synergy is analysed.

The most difficult task in using biosignals for
exoskeleton control is the identification of the
typical sEMG patterns of different movements, or of
recognisable and stable patterns of bioelectrical muscle
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activity associated with the activation of each set of
muscles during particular movements [45]. To solve
this task the strategy of pattern recognition is used:
the recorded sEMG patterns are used for “training”
a computer program and to develop an algorithm to
predict the body movements matching the recorded
pattern [46]. The two main “steps” of algorithmisation
for the pattern recognition of movements are: extraction
of information from all the signals obtained from the
electrodes, followed by their classification into different
patterns (images) [47]. The methods of information
extraction about the representative features of the sEMG
recordings are based on calculation of their coefficients
of variation and autoregression, and on an analysis of
their time-frequency and time-space characteristics
[48]. Classification of signals can be performed with a
variety of methods including linear discriminate analysis,
Bayesian statistics, vector analysis, and the artificial
neural network method [41, 49-55].

It has been established that sEMGs of the body
and limb muscles during walking can be represented
as a linear combination of four or five patterns of
muscle activation, reflecting the processes of muscular
synergies [56-58]. For some categories (for example,
in children) there are normative data about the sEMG
patterns for healthy people [44] and these are suitable
for comparative analysis with the data obtained when
evaluating robotic devices [43].

The importance of superficial
electromyography in the evaluation

of energy consumption and the optimisation
of exoskeleton design

Human movements are normally regulated to
minimise energy consumption [59-61]. As muscles need
energy for contraction, the kinematics of movement and
the metabolic costs are closely linked [62—68]. It requires
a certain amount of energy when a muscle is under
tension and increases in length (the so-called negative
phase of contraction); in the case of isometric muscle
contraction, the energy consumption is somewhat
greater, while in the case of active muscle contraction,
i.e. shortening (the positive phase) the consumption
of energy by the muscle is at a maximum [69-71]. All
the metabolic costs increase the greater the degree
of muscle contraction. In general, the overall energy
consumption of a muscle is determined by the relative
amounts of negative, positive and isometric work
involving that muscle during that one specific movement
[72]. A reduction of energy consumption can be achieved
by reducing the period of active muscle contraction.
Moreover, experiments have shown that tendons
capable of storing and releasing “elastic” energy play a
key role in reducing muscle energy consumption and in
saving energy [73-78].

When an exoskeleton is used its movements must
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be adjusted to match the physiological ones, so it is
important to evaluate the connection between the
kinematics of movements and the metabolic costs to
the person using the robotic device. The design of an
exoskeleton frequently offers active assistance in limb
movements by using special drives and rods to reduce
the mechanical load on muscles and to save on their
energy consumption; the metabolic costs of a muscle
can typically be reduced four-fold [14]. By contrast,
ignoring physiological laws (for instance, by interfering
with the natural pattern of a stepping movement) can
make use of the robotic device excessively energy-
consuming for the person [14]. Wearing an exoskeleton
can cause changes in the afferent sensory signals from
muscles and joints, the sensor-motor connections and,
as a result, in the physiological muscle patterns [31]. In
this context, Gordon et al. showed that when a person
wears an exoskeleton the activity of the soleus muscle is
changed, even if the person is healthy [79].

Determination of the amplitude and total
electromyographic activity of operating muscles,
reflecting the degree and duration of their contraction,
can reveal the constant activity of one muscle or
damaged synergism of muscle operation, allowing
indirect evaluation of the likely energy consumption of
using the exoskeleton [80]. Identification of those “target”
muscles operating in overload mode can improve the
design of the device and more effectively minimise
the metabolic costs to the body during any particular
movement [14].

Electromyographic research provides the opportunity
to evaluate the effect of new exoskeleton devices.
So, by electromyographic examination, Ferris et al.
showed, that improvements in the structure of a lower
limb exoskeleton could be made by adding passive
elastic rods to the regions of the knee joints, thereby
reducing the recruitment of the muscle fibres of the key
leg muscles, but without any changes to the dynamics of
walking, yet significantly reducing the metabolic “cost” of
walking and running [81].

Schuler et al. studied the patterns and activity of
SEMGs in 8 children with neuroorthopedic pathology,
in the processing of training in walking skills with an
exoskeleton. The data obtained were compared with
the results of sEMG-examination of these children
during walking on a treadmill without the support,
and with the results of surveys of healthy children.
The sEMG registration was performed on the tibialis
anterior, gastrocnemius lateralis, vastus medialis and
biceps femoris muscles. The sEMG signal amplitudes
of the muscles were analysed during the phases of
support and leg transfer. The authors showed that the
use of an exoskeleton for the sick children induced an
noticeable increase in muscular activity, and activation
of the physiological muscular patterns. If SEMG results
from the leg muscles during normal walking on the
treadmill testified to a the switching on of compensatory
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mechanisms, the use of the electromyographic patterns
with the exoskeleton could reflect the real recovery of
motor functions [43].

To evaluate a new rehabilitation exoskeleton device
Venemanc et al. studied the bioelectric activity of eight
key muscles during walking. The study, performed on a
single patient, showed that the electromyographic values
during walking with the device corresponded to the
normal values of a healthy individual during free walking;
this demonstrated the physiological value of the robotic
device [82].

Sylos-Labini et al. [31] made a detailed analysis of the
changes in SEMG patterns while six healthy individuals
and four patients with spine and spinal cord injuries
were wearing exoskeletons. Contrary to expectations,
the electromyographic activity of the leg muscles of
healthy people during walking in the exoskeleton was
analogous, or even exceeded that during free-walking.
At the same time the patients with spinal cord injury
exhibited low bioelectrical activity in the leg muscles and
showed high variability, in particular in the hamstring
muscles. Generally the results demonstrated non-
linear reorganisation of the patterns of muscular activity
when a robotic device was being used. In the authors’
opinion, these findings may help in understanding the
adaptation processes of locomotor activity patterns
when an external exoskeleton is used in healthy people,
and in those with neuromuscular pathology. The authors
drew the conclusion that the results of their work with
pathological conditions showed the presence of various
neuromotor strategies aimed at compensating for the
reduced muscular function [31, 57, 83].

In general, sEMG registration and analysis
of exoskeleton devices during testing allows the
identification and minimisation of muscular activity
associated with the most costly metabolic components
of locomotion (for example, leg pushing or leg transfer
during walking, and the muscle contractions used to
provide rigidity in the joints), as well as the diagnosis
of non-adaptive compensatory strategies. In this case
sEMG is an informative analytical tool, helping to
optimise exoskeleton design to reduce the metabolic
“cost” of locomotion [81].

The use of superficial electromyogram signals
for exoskeleton control

Initially, power sensors were built into exoskeletons to
control them [84]. However, a number of problems were
associated with the use of such sensors (signal delay,
difficulties in distinguishing between the signals from the
subject and external signals) [26]. At the beginning of
the 1990s, to eliminate these problems, the use SEMG
signals was suggested because an electromyographic
signal from the striated muscles of a healthy human
depends only on the intentions of the person themselves
and directly reflects the level of muscular activity in
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real-time, allowing the possibility to predict the desired
movement-intention before the muscle actually starts to
contract (thus the biocontrol signal delay is eliminated)
[85, 86]. In recent years, with the development of
modern technology, this method has been widely used
for exoskeleton biocontrol [79, 87-91]. A computer
records the first signs of electromyographic activity
before the actual movement begins and transfers these
signals to the device drives; as a result, the exoskeleton
drives operate synchronously with the muscles that must
take part in the planned movement, intensifying their
action [10].

The main “steps” in the use of sEMG signals for
biocontrol are: the identification of the signals from
particular muscles; determination of the extent of the
‘contribution’ of the bioelectrical activity in these muscles
beyond that which can be recorded with sEMG, and the
selection of a model for movement control [26].

A considerable element of the control by sEMG is
based on “on-off’ principles, i.e. the model involves
switching the movement on at a constant rate in one
direction or the cessation of such movement [92]. The
on-off model is used in passive exoskeletons and does
not allow for the recognition of more complex intentions
of the user in real-time [93]. For this reason other
models are being developed, namely using proportional
myoelectric control that presupposes constant analysis
of the sEMG signals in the real-time to allows more
effective control of active exoskeletons of the upper
limbs for example [93-99]. The intended end-point of
limb movement is determined by the information from
feedback sensors (angle, power). For example, the
feedback can be based on information from goniometric
(angle-measuring) sensors, and the sEMG signal is
used for the calculation of the offset correction in the
joint [100]. This approach is exemplified in a study by
Tang et al. [93] who developed an experimental protocol
for recording sEMG signals and the angles of elbow
flexion with a further procedure for information extraction
and the building a model of proportional myoelectrical
control. The value of the angle of elbow flexion expected
according to recognition of the myoelectric patterns
was then transformed into signals sent to the joint
drives (pneumatic muscles). Experiments proving the
effectiveness of this scheme of controlling an active
exoskeleton of the upper limb were performed [93].

Another approach involves direct power-control of the
external device: sEMG signals are converted into values
representing the force the body is applying to the limb
and are compared with the forces recorded by a power
sensor fixed onto the limb. The difference between these
forces is communicated to the control unit operating
the drives [99]. This method of direct conversion of
the recorded sEMG-signals into muscle strength was
proposed for controlling a hand exoskeleton with 16
joints (4 for each of 4 fingers) [26].

The success of models of proportional myoelectrical
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control to a great extent depends on the reliability
of decoding the muscular biopotential for a planned
movement. The most promising method of classification
of signals for this type of model is that of artificial neuron
chains, due to the short time required for training of
the classifier [98]. So, Su et al. demonstrated an active
exoskeleton for the upper limbs where the sSEMG
signals are classified after the training of an artificial
neuron network; the classifier for the sEMG-patterns
recognises movements in the hand joints with a high
degree of reliability and can accurately predict the
planned movements in order to put the mechanism of
the exoskeleton into action [89].

The technologies of exoskeleton myocontrol are
constantly being improved. For instance, a method of
sEMG control has been proposed based on impedance
change, as this allows not only the features of the
electromyographic signal to be taken into account, but
also the properties of the human body [87]. The authors
proved that this method is simple enough to adjust for
any user and helps effectively to operate the robotic
device when the user makes targeted movements.

The role of myography in studying fundamental
physiological processes during adjustment
to an exoskeleton

To create new exoskeletons, fundamental knowledge
of the physiology of movements in normal and in
pathological conditions is required. The physiological
characteristics of human movements made with
an exoskeleton can be an important source of new
information about the metabolic “cost” of human
locomotion in these different conditions [14]. Use of an
exoskeleton and forced control of the limbs can change
the profiles of muscular activation, change the patterns
of muscular activity, the kinematics of walking and other
movements, and change the “locomotor scheme of the
body” even for a healthy human [101, 102]. It is known
that the locomotor system of a human can flexibly adjust
to changing requirements of the neuromuscular system
[103-105], yet the effect of robotic devices on locomotor
functions and on their recovery in the case of pathology
has not been sufficiently studied [31]. It is necessary to
find answers to the following questions: 1) how long does
it take to train a human to use an active exoskeleton;
2) what compensatory and adaptive neuronal
mechanisms are switched on; 3) how flexible and stable
are the movements performed with an exoskeleton;
4) how do metabolic costs change for a human using
an exoskeleton; 5) what is the relative input of each limb
joint into the metabolic “cost” of a given movement; 6) do
the properties and strength of muscles limit the flexibility
and mobility of movements in an exoskeleton [14, 106].

Using sEMG can help to answer to some of these
questions, for example, it allows study of the modulation
of muscular activity patterns when an exoskeleton is
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used, providing a key to understanding compensatory
strategies and the plasticity of neuronal chains in the
body [106].

This is exemplified in the work of Ferris et al. [103]
who carried out an experiment on healthy volunteers,
studying the potential of the shin muscles for functional
reassignment using sEMG. The signal from the soleus
muscle was transferred to the drive of the exoskeleton
that activated dorsiflexion of the foot, i.e. creating
artificial obstacles during walking. In these conditions the
maintenance of the normal profiles for this muscle would
be metabolically costly and mechanically ineffective.
With repetition of attempts there was a considerable
reduction in the myoelectrical activity of the soleus
muscle which allowed the subject to minimise the
negative impact of the exoskeleton. The authors came
to the conclusion that the system of human control of
locomotion can regulate both the profiles of activation of
single muscles, and of the motor patterns in general, in
order to reduce metabolic costs [107].

Conclusion

Information obtained from superficial electromyo-
graphy is being used in the development of biocontrolled
exoskeletons and in the assessment of their effectiveness,
it also impacts on our understanding of the physiological
processes of adaptation and compensation in the
pathology of the locomotion system when robotic devices
are used. The potential for the development of this
method in respect of biocontrol is linked to new technical
and mathematical possibilites for the registration,
transformation and classification of the bioelectrical
signals of muscles and the patterns of muscle activity.
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