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Abstract

Electromyogram signal (EMG) provides an importanturse of information for the diagnosis of neuronuiac

disorders. In this study, we proposed two methddanalysis which concern the bispectrum and coptisuwavelet
transform (CWT) of the EMG signal then a comparigsmade to select which one is the most suitabidentify an

abnormality in biceps brachii muscle in the maimpmse is to assess the pathological severity nedpifency and time-
frequency analysis applying respectively bispectamd CWT. Then four time and frequency featuresateacted and
three popular machine learning algorithms are imgleted to differentiate neuropathy and healthy itamé of the

selected muscle. The performance of these timefragglency features are compared using support vecazhine

(SVM), linear discriminate analysis (LDA) and K-Neat Neighbor (KNN) classifier performance. Theufessobtained
showed that the SVM classifier yielded the besfquarance with an accuracy of 95.8%, precision 0659% and

specificity of 92%. followed by respectively KNN @h.DA classifier that achieved respectively an aacy of 92%

and 91.5%, precision of 92% and 85.4%, and spégifid 92% and 83%.

Key words: bispectrum; continuous wavelet transforms (CWslipport vector machine (SVM); linear discriminate
analysis (LDA); K-Nearest Neighbor (KNN).

Introduction Meziani et al applied bispectral analysis to follothe
pathological severity in two patients and compatlesr results
with a healthy patient, they candidated the bigpectin
discriminating unhealthy and healthy conditidriathile other
researchers went directly to a time-frequency aiglgf this
signal by applying CWT as method that quantifiesgeral
changes of the frequency content of non-statiorsignals
without losing resolution in time or frequentyCWT show
better performing in extracting indices in the tinequency
domain’ In reference 8, mother wavelet Daubechies Bf 4
order with & levels of decomposition (db4) has been chosen to
implement the wavelet transform, because of ittability for
detecting signal changes and due to its shape hwkisimilar
to the shape of motor unit action potentfals.

Separating healthy and unhealthy conditions araduating
the capability of time and frequency domain feaguig an
important issue of many researchers, three popuddrwidely
used classifiers namely Radial basis function nekWBBFN),
k-nearest neighbor (k-NN) and support vector maeli$vM)
were implemented, SVM is declared as a better ifilass
compared to RBFN and k-NN applying four featurés toot
mean square, logarithmic root mean square (RMS and
logRMS), the centroid of frequency and standardiaten
(Std)* Also, J. Too et al have applied linear discriminan

EMG signal is a small electrical current generabgdmuscle
fibers. For clinical diagnosis, the processinghese signals is
the main concern of researchers because various
neuromuscular diseases can be determined analttzngme
and frequency domain properties of EMG sigfals.
Amyotrophic Lateral Sclerosis (ALS) must be mengidrwhen
we spoke about neuromuscular disorders becausts odpid
progressive by the destruction of nerve cells i Ibihain and
spinal cord’. This pathology can be identified by analyzing the
change between the healthy EMG signal and compaséth
the pathological one which can be better understmodme
and frequency analysis of the EMG signals in order
investigate and determine the source of the disorfikese
promising results allowed us to introduce the bitpen and
CWT.

Kaplanis et al. have used Higher-order spectra SH®
analyze the surface electromyogram (SEMG) sign@hey
have shown that the level of Gaussianity of sSEM@nged as
the maximum voluntary contraction (MVC) varied. Téignal
became less Gaussian at very low and very high MME&,
some were in the middle, SEMG became more Gaus§lan.
level of non-Gaussianity of EMG signal variationsmased to
differentiate healthy and pathological EMG sigrialslso, F.

© 2020 A. Mokdad, S.M. Debbal, F. Meziani. Thisiis open access article licensed under the Cre@tmemons Attribution-NonCommercial-NoDerivs License
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analysis (LDA) classifier using three selectingtiees; the

mean absolute value, the root mean square (RMSJ, an

wavelength (WL) showed the best classification @angince
in EMG signal classification applicatidf. These results
allowed us to implement the SVM, LDA, and KNN inigh
work.

Our proposed study is to distinguish neuropathy lagalthy
characteristics applying the bispectrum and CWTsigfeen
patients and select the suitable method that itelicaghe
presence of pathology and follow its severity. Thiwe study
has been reached because of ALS's severity tlmated us to
separate healthy and ALS disorder, the performariceéme
and frequency feature domains are investigated gusin
respectively four features: the entropy, the steshdkeviation,
mean and the median frequency (EP, Std, MNF, MBB).an
optimal evaluation, three popular machine learratgprithms
namely SVM, LDA, and KNN are utilized. Finally, the
performance of EMG pattern recognition is discusisedrder
to separate the two cases and select the most @fHie0
classifier.

Materials and Methods

Database

The material consisted of a normal control groug argroup
of patients with ALS. The control group consistéd.® normal
subjects aged (2 -37) years, 4 females and 6 nfalest of 10
were in very good physical shape, and the remaieixgept
one was in generally good shape. None in the cogbaup
had signs or history of neuromuscular disorderse RLS
group consisted of 8 patients; 4 females and 4 sraded 35-
67 years. Besides clinical and electrophysiologiséns
compatible with ALS, 5 of them died within a fewaye after
the onset of the disorder, supporting the diagnosiLS. The
brachial biceps muscles were used in this studwaulse they
were the most frequently investigated in the twiigoé groups.
The EMG signals were recorded from biceps brachicte by
concentric needle electrode and amplified by
instrumentation amplifier DISA15C01 with a gain 500. An
analog bandpass filter with cut-off frequencies2éfz to 10
kHz was used. These analog signals were digitalibgd
Motorola DSP56ADC16 with 16- bit resolution and gded at
a rate of 23438 HY.

Analysis of Normal and Pathological EMG
Signals

Bispectrum Analysis
In many biomedical applications, bispectrum analygias
performed on the signal of interest. Often the pdétthe
bispectrum enables us to differentiate differenygpbiogical
states or pathological conditiofts.

The bispectrum is the 2D-Fourier transform of théd
cumulant function defined as:
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where W(t;,t,) is the 2-dimensional window function that

decreases the variance of the bispectrum. In thidys a

Hanning window was usedum? is the3™@ order cumulant.
The 3rdorder cumulant of a discrete signdk), which is

stationary and has a 0 mean, is defined as:

cum}(ty, t5) = cum{x(k)x(k + t)x(k + 1)} =

= (x(K)x(k + t1)x(k + 12)) = (xR EK)x(k + 1)) +
x(x(k + 1)) + (x(k + 1)x(k + 1))} + 2(x(k))3 Eq. 2
Where(-) denotes the expected procegk) discrete signal
Cumulants can be expressed in terms of momentsvined
versa. One can easily calculate cumulants as nentai-linear
combinations of moments.

Cumulants can be expressed in terms of momentsiaed
versa. One can easily calculate cumulants as nantai-linear
combinations of moments.

The second and third-order cumulants are:

Cumj = m} Eq. 3
Cum3 (1) = m3(t) — (m})? Eq. 4
Cumj(ty, ) = m3(ty, 1) — mi[m3(ty) + mi(t,) +

mj(t; — 12)] + 2(m})? Eqg. 5

The estimate of the bispectrum of a stationary argbdic
random process with the non-parametric approagiven by:

B(fy, ) = (X(w)X(w)X" (w1 + w3)) Eq. 6

where: X(f) is the Fourier transform of a segmemwtr (
windowed portion), * denotes a complex conjugétedenotes
the expected process.

The bispectrum is a function of two frequenciedljke the
power spectrum which is a function of one frequewvasiable.
The frequency f may be normalized by the Nyquisgérency
(one half of the sampling frequency) to be betw8eand 1.
The bispectrum can be normalized (by power speatra
component frequencies) such that it has a magntieteeen 0
to land indicates the degree of phase coupling dmw
frequency component&’

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

CWT (a,1) = \/%f_ctos(t) w* (FTT) dt,a# 0 Eq. 7

Where w(t)is a prototype function called mother elav, = is
the translation index, aralis the scale parameter related to the
frequency content. Indeed, the CWT may be a ugehllfor
detecting the presence of muscle activity in EM@nals. In
this work, mother wavelet Daubechies dt drder with &
levels of decomposition (db4) has been chosen fueiment
the wavelet transform, CWT decomposes a signal seteral
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multiresolution components (coefficients) and perfe a
series of high and low-pass filter operations falial by down-
sampling. Thus, the sEMG signal was decomposed itsto
frequency content form and then was reconstruCted.

In principle, this study includes temporal featuras the
entropy and Std likely to detect any variation lo¢ analyzed
EMG signal with respect to the type of pathologlofeing to
the extracted parameters and frequency featureabeamean
and median frequency.

Entropy

The aim set through this parameter is definingaheunt of
information carried by the signal known as a quatitie
measure of disorder, it comprises the calculatidn the
probability density function. In this work, the empy is used
as feature, it defined by the following formula:

Ep[S] = — [ p(S) log p(S) d(S) Eq. 8

S: continuous aleatory variable: the EMG signal;(9):
Probability density.

Sandard Deviation (Std)

The standard deviation is a measure used in digihal
processing to characterize the signal variancendicates the
dispersion of the values relative to the averagprasented by
the following formula:

N i 2
Std(s) = /zlzl(slemow

With S_moy: the average signal; N: number of sasijle

Eq. 9

Mean and Median Frequency

Two frequency indicators, the mean frequency (MiHRYl the
median frequency (MDF), are often derived from Hwurier
transform. In this work, the MNF and MDF are usesl a
features and expressed as:

Yo fps
MNF = <=t Eqg. 10
23;1pj &
1
jNi?F pi = ZjLzMDFpi = EZ]Lzl Pi Eq. 11

where fjis the frequency value of EMG power spectrum at the

frequency bin j, Pj is the EMG power spectrum aé th
frequency bin j, and lis the length of frequency bin. In the

analysis of EMG signal, the MDF and MPF are the two

indicators most often used to characterize patlicdbgases of
EMG signal and muscles fatigife'®

Classification of EMG Signal
To evaluate the capability of time and frequencymdm
features in differentiating normal and ALS conditsp machine
learning algorithms are employed. In this studye¢hpopular
and widely used classifiers namely SVM, LDA, and KMre
implemented to EMG signal.

Support vector machine (SVM) has been recognipetet
one of the best and efficient machine learning rtlgms in
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EMG pattern recognitioff. Radial basis function (RBF), linear,
polynomial, and Gaussian function are commonly used
SVM. Concerning the classification accuracy, SVMetd a
better performanc¥.

Linear discriminate analysis (LDA) is a statistica
classification method that covers the boundary gsoamd the
different data points lie on the hyperplane. Itaiscommon
classification method used in EMG pattern recognitt In the
LDA classifier, the number of training samples mustich
lesser than the number of features and theref@eénthaclass
scatter matrix would tend to be a singular matrig ¢he LDA
computational will be so demanding.

K-Nearest Neighbor (KNN) is a simple algorithm d&dson
proximity measure. The predicted class of testiatadlepends
on the majority votes of k nearest neighbors mesbsury
Euclidean distance. In this algorithm, the choi€é wvalue is
crucial for reducing errors as well as improvinge th
performance; setting k=18.

The proper classifiers are selected, the datavided! into
training and testing sets for performance evaluwatio this
work, a six-fold cross-validation method is usedro$3-
validation is a popular statistical technique thets been
widely used in classification and regressidross-validation
aims to test the whole data set by partitioningdata equally
into six parts. Each part is used for testing iocegsion while
the rest is used for a training session.

The classification’s performance was evaluated\bguracy

(Acc), Precision (Pr), and Specificity (Sp), defires:
TP+TN

Acc = — DTN Eq. 12
TP+TN+FP+FN
= Eq. 13
TP+FP
TN
Sp=— Eq. 14

Where, TP: true positive, TN: true negative, Fisdaositive,
FN: false negative.

Results and Discussion

Figure 1 represents the bispectrum(af) normal andb) ALS
disorder which showed that the level of gaussianitfeMG
changed from normal and neuropathy, in general,stheal
became less Gaussian at very low and very highuénegjes,
but some were in the middle, EMG becoming more &ians
The level of the non-Gaussianity of the EMG sigvatiation
allowed us to follow the pathological severity, thenlinearity
and non-Gaussianity concentration of norni&gqre 1a), are
well centered at lower frequencies than neuropaittyvities
(Figure 1b). This allowed us to conclude that neuropathyés t
most severe because of the level of the non-Ganissiaf the
EMG signal which tends towards high frequencieseréfore,
to qualify the bispectrum to be a method of analybe most
appropriate that value the degree of pathologieaksty and
agreeable visualization of non-Gaussianity towardigh
frequencies indicated more accentuated patholog@aadrity.
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Figure 1. Bispectrum of: (a) healthy and (b) ALS disrders.
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Figure 2. Scalogram percentage of energy for eachawelet of :( a) healthy, (b) ALS disorder.
A suitable comparison of the neuropathy comparedetlthy keeping the interval of the beginning and the erdit®
cases by a bispectral analysis indicated a sliggrease of the bispectral magnitude of these two pathologies.
bispectral magnitude in the neuropathic cases whaetthed Figure 2 shows the time-frequency representation of EMG

the 8x1C. In healthy conditions, the magnitude value ranges signals obtained from the time-frequency methodanaety,
from 6.5x1¢° to 11x10" which allowed us to track the = CWT using to address the goal of determining vimnmest in

evolution of pathology by extraction of the bispatt biceps brachii muscle of patients which are dependent on
magnitude and to candidate the bispectrum analysibe healthy and unhealthy conditions. In this studg, #imalysis is
reliable for determining the severity of pathologyhile made by calculating the time interval between tie peaks in

the 2 cases, it is represented Bigures 2a(1) 2b(1). The
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extraction of the most energetic contour from thégeres
allowed us to extract a corresponding paramefégures

2a(2), 2b(2) represent the calculated parameter that serves to

differentiate these two cases, it is the mean &aqu of the
muscular activity that evolved progressively frone thealthy
patient towards the other which has the neuropatig/,same
parameter was used for the study of the most amadtle
energetic contours percentage and to confirm atjp@rinterest
of this parameter in the normal case analysis awene
pathological cases because of the existence ofrreelaton
between this already calculated parameter and eherisy of
the pathology. Thus, to consider them as a basiicator for
assessing the degree of pathological severitystidy of the
maximum energy percentage of these contours coaedirthat
the neuropathy with the highest percentage of gnewglved
from 10% to 55%, and to consider them as the meseére
with a mean percentage of 32.5%, the healthy costou
percentage reached till 9% starting with 1% withmean
percentage of 5%.

The analysis of the EMG signal's contours using th
Daubechies continuous wavelet of #rder has been used
extensively to evaluate the degree of pathologeakrity, and
even to extract the rate of its evolution by a gtofl energy
percentage of the averaged frequencies.

From Figure 2, we noticed evidently that the average
frequency of the whole contour (the least eneryeasict7 Hz
with the energy percentage of 1%, and 16 Hz fooraaur of
8%, the energy percentage in healthy patients eachrup to
9%.

The analysis of the neuropathy contours is useelvtduate
the pathological degree’s evolution, that meanst tha
percentage of 10% of the complete contour havingearage
frequency of 335 Hz and 27 Hz for a percentages8t of the
most energetic contour and finally to infer thatumgpathy
spreads with an energy percentage of 55% andli€ady an
advanced stage through the studied cases.

And here is the interest of the analysis by thatiooous
wavelet is to evaluate exactly the degree of thithgdagical
severity by the calculation of energy percentagkealthy and
ALS patients, these result qualified this analysibe the most
effective not only for the analysis of normal casesl even
pathological cases because it served to followphtnology
evolution’s level which was inaccessible by applyithe
bispectrum where it just used to locate the le¥aaussianity
of the EMG signal by calculation the bispectral magde.
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