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Abstract

The aim of this work was twofold: first, to proposignal processing methods for assessing the texhpod spectral
changes of parameters (mean absolute value, thigyeard standard deviation as temporal parameteed,and mean
power as frequency parameters) of the surface ragty@ signal of the various patient groups likemal, myopathic
and neuropathic during muscles contraction of kiceBecondly, to analyze this electrical manifestatiof

neuromuscular disorders by the implementationragtirequency analysis using continuous wavelet dHatvs us to
qualify this method to evaluate, appreciate thénglaggyy and determine its degree of severity whics wnable by
extracting mentioned parameters. Our results shahagdhis approach presents satisfactory perfocemespecially to

follow patients with the least severe pathology.
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Introduction

Electromyography (EMG) is the analytical study d¢datrical
activity produced by skeletal muscles that measthe
electrical potential between the surface skins tosate
contraction that represent neuromuscular activitidsch is
able to assist in diagnosing Musculoskeletal DissdMSDs)
problent myopathy and neuropathy are the two types of
MSDs.

Myopathy is known as the dysfunction of musclesjlev
neuropathy refers to a variety of syndromes in Wwhooe or
more nerves are affected by any or several knowm&nown
causes. Analyzing the change in the EMG signalrpaters of
the affected muscles can identify the pathologisains
because it tests the electrical activity and functf nerve and
muscle? For that reason, many different extracted pararsete
are used to check and follow the evolution of pkthy in
biceps muscles. Among them, we find: the tempoashmeters
as a mean absolute value (MAV), energy (En), stahda
deviation (Std}* and frequency parameters as the total power
(TTP) and mean power (MNP).

But with the aim of estimating, appreciating andlaating
pathological’'s severity degreee used an approach based on
the continuous wavelet as a method that quantiBesgporal
changes of the frequency content of non-statiorsgnals
without losing resolution in time or frequency,shs because
EMG signal acquires noise while travelling throudjfferent
tissue in the human bodyBut, it is different with continuous

wavelet transform (CWT) that able to show betterfqrening
in extracting indices in time-frequency domain.

In reference 8, mother wavelet Daubechies of oddeith 6
levels of decomposition (db4) has been chosen fueiment
the wavelet transform, because of its suitabiliy detecting
signal changes and because of its shape is sitoildie shape
of motor unit action potentiafs'*

To reach our main goal mentioned from the begigrand
evaluate the degree of pathological severity, otoppsed
model is to apply the continuous wavelet to distish
neuropathy and Myopathy characteristics from EM@hal of
the individual.

Materials and Methods

Database

Data has been generated for Normal, Myopathic and
Neuropathic subjects using the simulator publishad
Hamilton-Wright A, Stashuk DW. Physiologically bdse
simulation of clinical EMG signals. |IEEE Trans BiethEng,

52: 171-183, 2005. Myopathic/Neuropathic data hagnb
simulated for 75% fiber/motor unit involvement. Allese data
are collected from the surface electrode.
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EMG signal analysis

Sgnal filtering and thresholding

Removing some unwanted components of featuresddignal

is an important process, the appropriate filtet siginificantly
improve the visibility of a defect signal and lintite frequency
spectrum of a recorded signal which are normalipmased of
low-frequency component and remove high pass filteich is
described by range of frequency from 0- 500 Hz amglitude

of 0-10 millivolts (peak-to-peak). It is a complted and non-
stationary signal with highly complex time and fuegcy
characteristic? Then, the EMG signal cut into segments of
possible MUAP waveforms to eliminate areas of |mtivity.*?
The segmentation algorithm basically calculateshr@shold
depending on the maximum value and the mean aleseiltie

of the whole EMG sign4,
If maxi {xi}> (30 L) ?xi |li=1 then (54) |xi l1i=1
Else maxi {xi}/5,

Normal and pathological EMG signals analysis

Features extraction

Digital signal processing is concerning the exioact of
features and information from measured raw sigrthks,time
and frequency domain parameters are computed uging
evaluate the severity of pathology this method mesuthe data
in stationary signaf such as:

Mean Absolute Value (MAV)
which provide the energy information and calculatsdthe
following formula:

MAV = = 3N_,1S(n)| Eq. 1

where S(t) is the EMG signal.

Energy (Ex)
The aim set through this parameter is definingah®unt of
information carried by the signal. It's given byetfollowing
formula:

En[S] = [IS(t)I2dt

Sandard deviation (Std)
The standard deviation of EMG signal is calculabsd the
sample of signal shown by equatibn:

Std = |L30,(5, - 5)

WhereS is the mean value of EMG signal S(t).

Eq. 2

Eg. 3

Mean (MNP) and total power (TTP).
TTP is an aggregate of EMG power spectrum. its gguaan
be expressed as:

TTP = 3. P, Eq. 4
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MNP is an average power of EMG power spectrumait be
defined as:

M
Xj=1Pj

MNP = Eq.5

where Pand M are the EMG power spectrum at the frequency
bin j and the length of frequency respectively.

Time-frequency analysis (CWT)
In this study, starting from pre-processed EMG aigrs(t), we
evaluated the Continues Wavelet Transform (CWTingefas:

CWT(a, 1) = \/%f_mms(t) w* (t?TT),a #0 Eq. 7

Where w(t)is a prototype function called mother wavelets
the translation index, aralis the scale parameter related to the
frequency content. Indeed, the CWT may be a ugefllfor
detecting the presence of muscle activity in EM@hals.

In this work, mother wavelet Daubechies of ordewith 6
levels of decomposition (db4) has been chosen fueiment
the wavelet transform, CWT decomposes a signal seteral
multiresolution components (coefficients) and perfe a
series of high and low-pass filter operations feld by down-
sampling. Thus, the EMG signal was decomposed it#o
frequency content form and then was reconstruted.

Results and Discussion

The representative EMG signal segments of healtligcia
and pathological conditions as a function of time shown in
Figure la-c filtered with a bandpass filter of 4th order and
Butterworth type, thresholded where the signal éonbé of a
neuropathic patient has exceeded 1 mV while itetsvben 0.5
and 1 mV when the pathology affects only the musscle
(myopathy). In healthy patients, it is set to nateed 0.5 mV.

Further, Tablel represents the extracted temporal
parameters using the MAV, the energy, and Stdig®grams
is shown byFigure 2. Table 2 andFigure 3 are the frequency
features using the TTP and the MNP and its histogra
respectively, where notable variations are obseniad
neuropathic patients compared with myopathic ptgjethe
extracted features are found to have a statisticdjnificant
difference in healthy and pathological conditions.

From the histograms, we noted progressive inangashile
the pathology affects muscles and nerves; it's thest
important where the nerves are achieved that allows
considering neuropathy to be the most severe cadpty
myopathy (less severe) because the extraction rpdeal
parameters indicated a strong increase of the gnefghe
neuropathic signal in the time domain and the wiidgmf the
frequency vector of the same case by the calculadiothe
frequency parameters, we conclude that the temgoralthe
frequency extracted parameters exhibit statisticdiighly
significant difference of most and least severdgagy.
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Figure 1. Raw Surface electromyogram (SEMG) signal as a function of time of: (a) Healthy, (b) myopathy, and (c) neuropathy EM G signal
of patient 2.

Table 1. Temporal parameters of EM Gs signals analysis. Table 2. Frequency parameters of EM Gssignals analysis.

Mean Absolute  Energy [En] Total Power [TTP] Mean Power [MNP]

Typeofsignals /50 imMAV] (mv)  @ouly X9 (MV) Typeof signals (mV2/H2) (mV2/Hz)
S003C000101 4.42x10 7.23x16° 34353 S003C000101 2.77x10 4.5217x16
Patient 1 S003M750102 4.45x10 7.30x10° 345.24 Patient1 S003M750102 2.79x%0 4.5667x16
S003N750101 4.4517*x10 7.32x10° 345.68 S003N750101 2.80x20 4.5784x16
S003C000205 4.41x10 7.19x10° 342.67 S003C000205 2.75x10 4.4990x160
Patient 2 S003M750201 4.437x10 7.27x106° 344.38 Patient2 S003M750201 2.78x%0 4.5439%168
S003N750201 4.46%x10 7.35x10° 346.33 S003N750201 2.81x20 4.5956x16
S003C000301 4.43x10 7.26x10° 344.37 S003C000301 2.78x10 4.5437x160
Patient 3 S003M750303 4.43x10 7.31x10° 345.44 Patient 3 S003M750303 2.80x%0 4.5719%x168
S003N750302 4.4605x10 7.34x10° 346.12 S003N750302 2.81x20 4.5899%16
A < 0.00045 3) 2.90E+09
> ¥
< 0.00044 H H H S 2.80E+09
0.00043 N H H H
patient 1 patient 2 patient 3 3 2.70E+09
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= Healthy Myopathy ENeuropathy
b) . 7.6E+10 b)
3 7.4E+10 —  4.80E+03
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5 7E+10 = |_| |_| I_I
& patient 1 patient 2 patient 3 E 4.40E+03
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>
£ 345 Figure 3. Histograms of frequency analysis of EMG signals: (a):
S H H H Total power, (b): Mean power.
2 340

patient 1 patient 2 patient 3
Healthy Myopathy O Neuropathy

Figure 2. Histograms of the time analysis of the EM G signals: (a):
Mean absolute value of the signal, (b): Energy of the signal (En),
(c): thevariation of the Standard deviation (Std)
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Figure4 shows the time-frequency analysis of the
representative SEMG signals obtained from the fireguency
methods, namely, CWT using to address the goal of
determining variations iticeps muscle of patients which are
dependent on recruitment of motor units, the tinegfiency
energy percentage distribution corresponding to Itimga
patients of muscle contraction shownHRigure 4a-c are less
energy in comparison with a pathological conditigigure
4d-i).

In this study, the analysis is made by extracthmg contour
the most energetic of these figures allowed usisa for
information. Figure 4 represents the parameters that serve to
differentiate these 9 cases, it is the percentégleeoenergy of
the muscular activity of the most energetic corgotinat
evolves progressively from the healthy patient talsathe
other which has a myopathy up to the patient wihropathy
that confirm the interest of this parameter in tlmemal cases
analysis and even pathological cases because afxibence
of a correlation between degree and the severitythef
pathology.

The study of the maximum energy percentage ofethes
contours in all the cases confirmed that the neattgpwith the
highest percentage of energy that evolves from 10%5%
and consider the neuropathy the most severe paholith

S003C000301

the average percentage of 47.5%. Then the myoph#sy
counted a percentage of energy from 5% to 40%my@pathy
appeared at the percentage of 20% and starteddsprtatheir

symptoms which allow us considering them as thstlsavere
with an average percentage of 22.5% of the neunapatse,
the reference case reached till 10% starting with 1

The percentage of energy goes up to 80% for theé 2n
neuropathic patient and therefore to declare ttierléo be the
most accentuated severity, also to announce theelsbpathic
patient to be the least accentuated severity becausas a
percentage 55%, it allows considering it to befilst stage of
neuropathy.

An energetic study of myopathic patients allowsdai state
that the 3rd patient is the most advanced stag¥&)4hd this
requires a precautionary treatment to solve thoslpm.

The analysis of the EMG signal's contours using th
Daubechies continuous wavelet of order 4 has besad u
extensively to evaluate the degree of pathologseaterity by
calculating the energy percentage signal's contoarsl
qualified this analysis to be the most effective anly for the
analysis of normal cases and even pathologicakdaseause it
serves to offer the level of evolution of the pablgy.
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Figure4. Scalogram percentage of energy for each wavelet coefficient of: (a), (b), (c) healthy, (d), () (f) myopathy and (g), (h), (i)

neuropathy EM G signal (continued on the next page).
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Figure4. Scalogram percentage of energy for each wavelet coefficient of: (a), (b), (c) healthy, (d), () (f) myopathy and (g), (h), (i)
neuropathy EM G signal (continued from the previous page).
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Conclusion their results demonstrate that the proposed timguEncy
techniques are able to represent the severity degfrdifferent
cases of EMG signal because it does not just give
differentiation between healthy and pathologicaesabut also

its evolution’s degree These results qualified @WT method

for quantifying the level of involvement of a neoroscular
disorder.

In order to separate MUAPs into neuropathy, myopathd

healthy, time and frequency methods were appliesktect the
stage of pathological severity, so several parammetecre
extracted, they present an important issue thatiawshich is
affected by the disease (myopathy) is less sevecause only
some of the motor units can be affected and thatapathic
disorders are more severe than myopathy disordees td
neural carrier dysfunction. then, a powerful tom &nalyzing
the multicomponent and nonstationary variations ENMG

signals is to introduce the CWT and the analysiissofieatures,
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