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Introduction. In this paper an innovative approach in analysis of Electromyography (EMG) signals was presented together
with its potential implementation for the purpose of HMI systems, where embedded platforms are applied. The method does not
involve any traditional, statistical signal processing methods.
Materials and methods. The proposed method differs from the traditional signal processing methods due to the no need of
using equipment with high-computing power, which results with its wide potential implementation. Signal processing of various
bio-signals is currently a very dynamically developing scientific area. The innovation of the proposed solution relies on its simplicity, efficiency and waht’s more – it does not implement any statistical signal processing.
Results. The proposed method has prospective implementation for the control purpose in order to improve quality of life for
handicapped users. Conducted research was intended for potential application on an embedded system platform, which has
caused some significant limits in choosing an appropriate signal processing method. Traditional, sophisticated, statistical signal
processing methods were not used for the purpose of this work.
Discussion. This paper is a pilot study for the prospective EMG-based control of an artificial hand. The conducted analysis
was done in an off-line mode, however further plans on on-line signal processing plans were made. All calculations were done
in MATLAB.
Conclusions. The paper presents an innovation as no other similar methods were found in literature. The paper also shows
its efficiency.
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Amputations affected approximately 1.6 million of American populations. These data seem to be more horrifying as
they concern one nation only. Non-invasive control systems
rely on the electromyography (EMG) signals measured from
the extensor and flexor muscles in the forearm [1].
Implementation of various bio-electrical signals, such as
EMG is widely used not only in medical sciences or physiotherapy, but also in control, sport or computing. The main aim
of the conducted research relied on application of the muscle
generated power for the prospective use in robotics, where
muscle work is exploited [2]. Control systems based on myoelectric signals have become recently very popular. The earliest mentions of EMG-based control was in early 1950s, where
a very simple system, which used the strength of contractions.
In 1960s the idea was improved and 1980s tried to optimise
the method. This all led into creating commercial myoelectric
prostheses [3].
Analysis of bio-signals causes various significant issues
due to the deterministic nature of these signals and therefore
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implementation of these signals for the control purpose is a
very challenging task. Analysis of both – EMG and EEG signals is the most difficult as the human brain has not been fully
investigated and is not entirely known by the researchers.
Also the size of the prosthesis is an issue [4-6].
For this study purpose surface EMG has been chosen,
which has some limits, especially because of cross talk and
differentiations between joint motions and individual digits. As
the chosen method is non-invasive, overcoming the existing
limitation by using implantable myoelectric systems is impossible [1].
Another problem is related with the dynamic asymmetry.
Dynamic asymmetry describes the differentiation between the
limbs, however it was also not fully investigated and it is impossible to precisely estimate neither origin nor scope of the
occurrence. It is believed that the source has its origin in
genetic or social development [7-9]. However very little research has been conducted regarding assessment of the dominant side [10].
It is also well known that robots do not have any difference between arms (there in no dynamic asymmetry), but for

a human being after amputation this is an issue, therefore the
level of muscle tension allows to control a prosthesis and as
a result improves quality of life by enabling to do simple tasks
such as computer mouse clicking with a forefinger [2,11].
As mentioned above – EMG signals are a very popular
data source applied for the purpose of external environments
control. The have been implemented in numerous Human-Machine or Human-Computer Interaction interfaces. Their potential
does not limit to HMI or HCI usage as they are also deployed in
many clinical, industrial or interdisciplinary application [12].
This paper is a pilot study for the prospective EMG-based
control of an inter alia artificial hand. The conducted analysis
was done in an off-line mode, however further plans on an online analysis in Labview were made. All the calculations were
done so far in MATLAB.
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Fig. 1. Sample EMG data recorded during four different arm movements [6]
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classify electromyographic signals. EMG signals are controlled
by the nervous system and depend on both physical and anatomic state of muscle, which generates these signals [6,16]. It
is able to provide significant source of information, which can be
used for control. The assessment is also able to provide information regarding various neuromuscular disorders [6, 17].
Discrete waveforms, known also as Motor Unit Action Potentials (MUPs), form EMG signals. The occurrence of MUPs
results from emission of muscle fibres groups – Motor Units
(MUs) [13,17]. It is possible to record EMG signals occurring
during various muscle activity. It all depends on contraction
force and as a result – the more force is being used, the more
complex the signal becomes, what complicates the MUPs
identification. [15-17].
Any bio-signal, including EMG, is a set of electrical signals representing physical variable of interest. The signals are
usually in form of time-function, what enables analysis of its
amplitudes, phase or frequency [11,15,18]. In the Figure 1 a sample EMG data was presented [6].
It is also important to mention that traditional prosthesis
systems for upper limb are usually based on EMG. They are
able to recognise bio-electrical signals, which occur during
muscle contraction and appear on the skin surface. This all
means, that even after hand amputation – majority of the
muscle remain in stump. To this group belongs muscle, which
generate finger motion [11].
Surface EMG signals are potentially prosthetics applicable. In the Figure 2 a cross section of the upper forearm with
an example of 16 surface- and 6 needle-electrodes was presented. This example shows the control areas for the following hand movements: forearm pronation (FP), forearm supination (FS), wrist flexion (WF), wrist extension (WE), wrist ab-

lu

Theoretical Background
EMG signals are frequently used for control of prosthetic
arms, lower limbs. The frequency range of the EMG signals is
between 0 and 500 Hz [13].
Application of sEMG signals is still regarded as a promising approach for potential implementation in prostheses, as
the signals enable to decode motor intent [14].
EMG signals are bio-electrical signals generated in muscles during their activity – both voluntary and involuntary. This
activity is usually controlled by the nervous system. Analysis of
electromyography signals is a very challenging task due to the
both internal and external artefacts present in signal. Internal
artefacts are a result of physical and/or anatomical muscle
properties, where external occur in noisy environment [6,15].
Analysis of bio-signals, as mentioned above, is an important study area and therefore it is crucial to present how to
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Fig. 2. Cross-section of a forearm with 16 surface- and 6 needle-electrodes [19, 20]
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Fig. 3. Active areas of the forearm – cross-section [20]
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duction (WAB), wrist adduction (WAD), key grip (KG), chuck
grip (CG), spread fingers (SF), and a rest state (RS) [19, 20].
In the Figure 3 active areas of the forearm were illustrated. The light regions visible in the illustration indicate areas
useful for electrode placement [20].
Musculus Flexor Digitorum Superficialis
Musculus flexor digitorum superficialis is a muscle present in the second muscle layer of a forearm – (antebrachium).
It is a wide, flat muscle, which proximally (closer to the elbow)
splits into two heads, but ends with four tendons. Initial muscle insertion origins on the following bones: humerus, ulna,
radius. End-insertion is located on phalanges II-V. Except the
function of finger flexion it also enables hand flexion supported by the flexor digitorum profundus [18, 21].
In the Figure 4 approximate location of the musculus flexor digitorum superficialis is presented. EMG electrodes during
experiments conducted for this study purpose were located
on this muscle.
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Motivation for the Conducted Research
Application of various bio-signals as a source of information used for the control purpose became recently a growing
concern in the scientific world, as the use of bio-signals –
such as EMG – as an implement enabled fast and direct communication. However this communication is not always fully
efficient. Another issue is that modern based on bio-signals
prostheses require expensive equipment. Also implementation of complex signal processing methods require devices
with high computing power. The reason for that is the complex
analysis of bio-signals, which contain various internal and
external artefacts [4, 5].
One of the main reasons for this research was to create
an inexpensive, easily developed and efficient solution, with
no need of using neither complex signal processing methods
nor expensive equipment. Innovation of the presented method relies on only basic mathematical operations application
and the main aim of this work was (and still is) the idea to
improve handicapped-users quality of life.
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In the previous part of this paper potential implementation
and the need for improvement of already existing signal processing methods for EMG signals was shortly presented.
Surface EMG signal can successfully be applied for the control of inter alia prosthesis, wheelchair or simply virtual keyboard or mouse. Therefore it is a very important task to constantly improve methods for analysis of these signals in order
to significantly improve its effectiveness [12].
It is also crucial to mention, that most of the modern prosthesis are able to recognise EMG signals, which occur during
muscle contractions. The EMG electrodes are usually placed
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Fig. 5. Classification efficiency of a six-class control problems: wrist flexion, wrist extension, forearm supination, forearm pronation, hand open, and hand close – LDA [20]

-

This copy is for personal use only - distribution prohibited.

Literature Review
Analysis of various bio-signals is currently a very popular
scientific activity. Therefore a lot suchlike work to the proposed in this paper has been done.
The most popular and widely used detection schemes are
single- and double-threshold. These rely on extracting relevant features by muscle activation detection. Traditional statistical methods for pattern recognition (unlike the one proposed by the authors of this paper) have been frequently
applied. The experience of other researchers proved that the
efficiency of classification of hand and/or finger movement
depend on feature extraction was in detail presented in [16]
and [17].
Applied signal processing methods included implementation of various wavelet transforms, autoregressive (AR) models and the most popular – time frequency analysis. Also
implementation of neural networks has been used [12, 16].
The most recent classification methods also include Bayesian
classifiers, artificial neural networks, Gaussian mixture models, Hidden Markov Models, fuzzy logic and genetic algorithms [20].
Very efficient is also wavelet based analysis with the
implementation of mother wavelet matrix (MWM), which contained 45 potential mother wavelets. This solution enabled
satisfactory classification of surface and intramuscular EMG
signals. The signals were obtained from multiple electrodes
and occurred during hand motions. The hand motion was
repeated ten times. Electrodes were places on forearm. Statistical-based feature extraction system was applied for the
purpose of analysis of movement, which occurred during for
nine hand motions (including rest state), such as key grip and
chuck grip, which are very challenging to classify [19].
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Fig. 4. The musculus flexor digitorum superficialis location [22] – based on:
[18,23]
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on the skin surface. Even after amputation it is still possible to
carry through EMG-based control, as the great majority of
muscles responsible for finger motion generation is left in
stump [11,20].
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Sophisticated signal processing methods are frequently
applied for biomedical signals pattern recognition. They
enable to obtain desired control information from the surface
myoelectric signals (MES). Already early 1950s have brought
the idea to apply pattern recognition based control schemes [3].
In the Figures 5 and 6 – efficiency of the most popular signal
processing methods was presented. Figure 5 illustrates application of linear discriminant analysis (LDA), where six- class
control problems were presented and Fig. 6 illustrates comparison of various pattern-recognition classifiers (used on the
same data), where sixth-order AR feature set was used. There
is no noticeable difference between the applied classifiers [20].
The above mentioned methods, despite their efficiency,
were unsuitable for the authors of this paper due to the need
of using equipment with high computing power, what significantly limits potential implementation of the proposed solution
and increases its potential cost.
As mentioned above – implementation of sEMG has brought
some limits and is less efficient than application of invasive methods. Therefore an alternative to the sEMG-based systems
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An index finger movement was at first recorded from ten
healthy participants. In the Fig. 7 cross-section of the forearm
muscles, with an appropriate ultrasound transducer was presented in part (A), where part (B) shows an ultrasound image
with the approximate locations of muscle compartments responsible for flexion of various fingers. Index finger was marked with an ellipse [1].
For this research purpose – a standalone, portable EMG
device – MyoTrace 400, developed by Noraxon, was applied.
Figures 8 and 9 illustrate the device. The device itself is able
to operate with either two channels (stand alone mode) or
four channels (PC-mode). It has a very wide potential application as various sensors can be used with the device, such
as SEMG, force transducers, goniometers, inclinometers, accelerometers, hand dynamometers or foot switches (see: Fig.
9). This enables an objective evaluation of the functional mus-
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Fig. 6. Various pattern classifiers efficiency comparison made with the implementation of a sixth-order AR feature set [20]

Fig. 7. (A) – ultrasound transducer placement on forearm muscles, (B) – ultrasound image of muscle locations responsible for fingers flexion [1]
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can be an implementation of ultrasound, which is inexpensive, safe and able to provide real-time dynamic imaging [1].
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Fig. 9. MyoTrace 400 – potential application [24]
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culo-skeletal system status. The equipment is designed for
clinical use. For EMG it has 20-500 Hz bandwidth, sampling
in real time is at 1000 sample/sec/channel [24].
The experiments were carried out on both – left and right
hand. As this was initial study – 10 adults participated, 5 for
each gender, all right-handed. In the Figure 10 a female participant’s right hand during experiment was presented. This
subject was 29 years old, right-handed, healthy, fully physically fit.
During the research hand was placed in a conversion position and based on desk, in order to minimize unnecessary
muscle contractions, which may result in internal artefacts
occurrence. The EMG electrodes were attached in approximately 1/3 length of antebrachium, on musculus flexor digitorum superficialis. The research relied on pressing the mouse
button. Task had to be repeated 10 times with each hand, in
time space of approximate 2 seconds.
For the initial analysis of obtained signals software MyoResearch XP was used. Preprocessing included initial purification and smoothing of the gathered signals. Further, more
advances signal processing method was conducted in Matlab
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Fig. 8. MyoTrace 400 with electrodes

Fig. 11. Right index finger – raw signal
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Fig. 10. Participant’s hand during experiment

and was in detail presented in the further part of this paper. It
is crucial to mention that the results were satisfactory. Experiments for the study purposes were conducted in conditions
similar to the real-life environment.
In the Figures 11 and 12 – right index fingers movements
were presented and the Figures 13 and 14 illustrate movements of left index fingers. Figures 11 and 13 show raw sig-

mic asymmetry in both hands is the resting level, which is
noticeable between the particular tasks (picks, which meant
the clicking action). In both examples (Fig. 15 and 16) the
resting tension level is higher on the right hand muscle. Also
higher amplitudes are easier to observe while the mouse is
clicked by the right finger.
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nals, where in the Figures 12 and 14 the signal was smoothed
by the Noraxon application.
In Figures 15 and 16 two samples of finger movements
(mouse clicks) were presented. The difference between the
signals generated by both hands is strongly visible. Both samples come from people with a dominant right hand. The most
characteristic element, which proves the existence of dyna-
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Fig. 12. Right index finger – smoothed signal
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Fig. 13. Left index finger – raw signal

Fig. 14. Left index finger – smoothed signal
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Fig. 15. Left and right index fingers mouse clicks - sample 1
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Fig. 16. Left and right index fingers mouse clicks - sample 2
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Signal Processing Method Description
Most of the applications controlled with biomedical signals
rely on run-time comparison of the current muscle activity with
a set of previously recorded signal patterns, which should be
stored in a database. When targeting, for the potential implementation purposes in an embedded platform – the most popular and suitable application domain for this kind of the control applications – many limitations must be considered. This
is because even the most technically advanced and equipped
embedded system is significantly weaker then an average
PC. The above mentioned limitations excluded application of
the advanced and sophisticated signal processing methods
and resulted in developing a custom method of signal recognition. The proposed method is based on calculation of normalized value of signal similarity level, which compromises
only the elementary machine instructions, such as – addition,
subtraction, multiplication and division. In the Figure 17 a simplified scheme of the signal processing method conducted in
Matlab was presented. In this method – both signal and pattern are scaled in the time-domain (first) and in the frequency

Fig. 17. Signal processing scheme
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domain (later). Then the integral criterion is being applied.
The obtained results are compared and it is stated whether
the signals matched or not. The customised method enables
to define the threshold value, which can be used as a tuning
or configuration parameter. It is very unlikely that the signal
and pattern will be identical, even when recorded from the
same subject. By increasing the threshold value (between 0.1
and 0.5 – the smaller the number, the higher is the matching
criterion) – the wider range of signals will be qualified as
equal, what would strongly increase the amount of false-positive results.
Equation (1) illustrates the mathematical interpretation of
the proposed solution. The closeness of a compared biomedical signals was assessed by an accuracy measure related to
the minimization criterion. The weighted difference between
the pattern and the signal has been set up, as mentioned
above, for the both time- and frequency domains. However it
is important to mention that in case the recorded signal was
noisy with many artefacts in it the time-domain would not be
very useful for the research purpose. In that case the α-coefficient should be set to 1, so only the frequency-domain components would be considered. Typically – for signals of good
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quality – both components are equally important, so the α-coefficient’s optimal value is 0.5.
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INT_TIME_ERR=0;
for i=1:L-1
INT_TIME_ERR = INT_TIME_ERR+
(pattern(i)-signal(i))^2;
end
YL=size(Y_SIG);
YL=YL(1);
INT_FREQ_ERR=0;
for i=1:YL-1
INT_FREQ_ERR = INT_FREQ_ERR+
(abs(Y_PAT(i))-abs(Y_SIG(i)));
epsilon=((1-a)/L)*INT_TIME_ERR+
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(a/L)*INT_FREQ_ERR;
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Fig. 19. Subject 1 (top) and subject 2 (bottom) – right index finger movements – sample
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Fig. 18. Left (top) and right (bottom) index fingers – sample

(1)

The part of the Matlab signal processing application is
presented below:
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Fig. 20. Subject 3 (top) and subject 5 (bottom) – left index finger movements – false negative –sample

other hand the higher threshold values would give us bigger
tolerance, however some of the signals would falsely match.
The electrodes placed on flexor digitorum superficialis
were selected with total awareness that the chosen location is
able to provide information regarding index finger movement.
The location can even be used in implementations where the
subject is not able to really move the finger due to the inter
alia palm amputation. Most of the current EMG-controlled
applications are considered the way that the application of the
electromyography signals for the control purpose relies on
run-time comparison of the current muscle activity with a set
of previously recorded signal patterns, which should be stored in a database. In this work the accuracy of the signal recognition strongly depends on many objective factors, such as
signal and pattern quality, which is very challenging due to the
nature of these signals. When targeting, for the potential implementation purposes, the embedded systems domain, which
is the most popular and suitable application domain for most
of the control applications, many limitations of the embedded
systems must be taken into account, as even for the most
sophisticated embedded systems equipped with a high computing power are far behind even an average PC computer.
This is why while designing any application controlled with
biomedical signals – these limitations will play a crucial role.
As a result of the above mentioned limitations – most of
the available and efficient signal recognition methods, including inter alia sophisticated filtering and statistical signal-processing, could not be considered. Therefore the only solution
was to develop a custom method of signal recognition, such
as the one presented in this paper. The advantage of this method relies on possible implementation in any, including lowlevel, programming language, what increases its versatility.
To the biggest challenges of this research, except using embedded platform, was the classification and identification of
the EMG signals. EMG signals are like most of the biomedical
signals non-stationary. It is possible to divide them into two
main groups – surface electromyography signals (sEMG) and
needle (invasive) EMG [19]. In this paper only sEMG signals
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As already mentioned above – increasing of the threshold
value causes that a wider range of signals will be qualified as
equal to the pattern signal and this may result in increasing
the number of false positive errors, however decreasing the
threshold value may lead to disqualifying a signal that is very
similar to the pattern signal, what may result in increasing the
number of false negative errors.
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if (epsilon < treshold)
disp(’...the signals match...’)
res=0;
break;
else
disp(’...the signals do not match...’)
res=1;
end
shift = shift+step;
if (shift+LP > LS)
break;
end
end

pe

Results
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The overall efficiency of the proposed method was very
high – 82.4%, however the tests were run on too little amount
of participants, this has to be changed in the near future.
Figure 18 illustrates left index finger movement (top) and the
right hand index finger movement (bottom). The signals were
compared and the ε value was 0.45. The signals did not match,
what was correct.
In the Figure 19 right index finger movements recorded
from different subjects were compared. The signals matched
and the ε value was 0.027. The similarity coefficient (threshold value) was set to 0.1, which is quite high. In the Figure 20
– false negative comparison result was presented. Two signals generated during left index finger movement were compared. The ε value was 0.21. The signals did not match despite being recorded during the same finger movement. This
is an issue with applying too strict matching criterion. On the
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were analysed. EMG signals can be affected by several parameters such as MUAP, muscle fatigue and force [19, 20]. Another
issue, which may strongly affect the whole research is the
choice of the appropriate electrode location placement [19].
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operated robot will be investigated to fully support left-handed and impaired persons. Additional research will be carried
out regarding left-handed vs. right-handed persons. Afterwards, a prototype of a standalone EEG-controlled prototype
will be developed, including a Raspberry Pi based embedded
system and an articulated robotic arm. The embedded system
will be portable to increase the mobility of the entire system.
Further research plans include work on building a hand orthosis, which could be operated with various biomedical signals,
what would significantly increase its potential implementation.
The soonest research plans include combining EMG-based
HCI with a non-invasive EEG-based BCI, as the most EEGbased systems are not fully reliable. Variety of signals used
for the control purpose has many advantages, where the type
of signal could be selected according to the state of the user.
It is also important to mention that application of HCI based
on biomedical signals can have a huge impact on recovery
after the stroke.
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Conclusions
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The results in this study proved that it is possible to develop a BCI without using traditional sophisticated based on statistics signal processing methods. Also using embedded platforms with all their limitations was possible for this study purpose. The overall efficiency was very high – 82.4 %. The proposed method is allso less expensive than other similair methods presented in the literature. The novelty of the proposed
solution, in accordance with the literature study, relies on the
simplicity of the proposed method and implementation of only
basic mathematical operations. No similar methods or research
directions were found in other scientific works.
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The research presented in this paper has a character of
the pilot study and the signal analysis was done in an on-line
mode only further improvements are needed. As it was mentioned above – it is possible to control an artificial hand with
the ends of the nerve stump remaining after amputation only
[16], the pilot study regarding implementation of a surface
EMG (sEMG) in order to control inter alia artificial hand was
done. Further work does not limit to the use of the EMG signals only, but also comply processing of other bio- signals [2].
So the next step is to compare the efficiency of the proposed
signal processing methodology for various man – machine
interfaces (i.e. not only EMG, but also EEG, EEG and EMG,
speech recognition and with basic computer interfaces). The
EMG-based control in conjunction with the proposed simplified signal processing methods is very promising, while the
first trials show that EMG-based control might be more efficient than EEG-based one. After the compartment of interfaces, the algorithms and software acquisition modules will be
redesigned to support real-time signal processing to enable
the possibility to implement fully functional EMG-based control of a tele-operated pan-tilt camera, using the proposed signal processing methods. The prototype of the proposed system will be implemented in the Labview environment, which
enhances the connectivity of acquisition hardware, computational resources and actuators. Subsequently, the influence of
dynamic asymmetry on the quality of the control of a tele-
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