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Abstract

In this paper, a comprehensive study has been made on applicability of wavelet transformed aided biological signal
processing technique using fifth ordered Daubechies wavelet(db5) on electroencephalography (EEG) signals collected
from three different categorized persons( normal person, neuropathic and myopathic patients). These three persons are
well discriminated based on the characteristic features of the reconstructed signals at five different levels in discrete
wavelet analysis. It is noticeable from the decomposed wavelets and reconstructed signals at five levels that the firing rate
linking with the contractile activity of individual or a small group of muscle fibers in case of a myopathic patient is
comparatively high due to muscular damage as compared to normal healthy person. In case of a neuropathic patient, the
wavelet decomposed and reconstructed signals are characterized by the presence of spikes in irregular fashion with
irregular firing pattern due to muscular clustering. In perspective of EMG signal amplitude, it is found that the signal
amplitude is the highest for neuropathic patient as compared to others due to significant force produced by the muscle.
The EMG signals have also been analyzed with classical Fourier Transform technique.
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1. INTRODUCTION

In Biomedical Engineering, a great challenge isto assess the physiological changes occurring in different internal organs
of the human body non-invasively. These variations can be modeled and measured often as biomedical source signals that
indicators of the function or malfunction of various physiological systems. To extract the relevant information for diagnosis
and therapy, expert knowledge in medicine and engineering is also required. The biomedical source signals are usually
weak, non-stationary and distorted by noise and interferences. Such signals are acquired with multi-electrode devices:
Electrocardiography (ECG), electromyography (EMG), electroencephalography (EEG) and magneto encephalography
(MEG).The neuromuscular disorders affecting the brain, spinal cord, nerves or muscles produce EMG signals.[1]

In surface electromyography (SEMG), human movement and its neurophysiologic mechanisms of fatigue are studied.
The surface electromyography (SEMG) signals are collected noninvasively at the surface of the skin by the appropriate
electrodes. As the SEMG signals are approximately the accumulation of all motor unit action potentials (MUAP) around
the pick-up area of the electrodes, they reflect the neuromuscular activities of the examined muscle . In addition, these
complex signals hold stochastic nature that depends on anatomical and physiological properties of the contacting muscle .
At present, the SEMG signals have been widely applied to muscle fatigue assessment, functional electrical stimulation
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(FES) and clinical diagnosis[2,3] . Biosignal processing has been developing rapidly with increased understanding of
complex biological processes in a wide variety of areas. Wavelet transform is a powerful time frequency approach which
has been applied to multiple domains of biosignal processing, In Wavelet transform, its main base is the mother wavelet
function that would permit identification of correlated coefficients across multiple signals. The Daubechies (db) wavelet
functions) have been applied in several areas with the lower orders (dbl to db20). The selection of the most appropriate
mother wavelet to characterize commonalities amongst signals within a given domain is still lacking in biosignal
processing. In this present study, Daubechies 5(db5) has been introduced as the mother wavelet function across a variety
of surface electromyography (SEMG) signals[4] .

2. DATA ACQUISITION

The raw EMG data were collected with a Medelec Synergy N2 EMG Monitoring System (Oxford Instruments Medical,
Old Woking, United Kingdom) from three persons: 1) a 44 year old man without history of neuromuscular disease; 2) a 62
year old man with chronic low back pain and neuropathy due to a right L5 radiculopathy; and 3) a 57 year old man with
myopathy due to longstanding history of polymyositis, treated effectively with steroids and low-dose methotrexate. A
25mm concentric needle electrode was placed into the tibialis anterior muscle of each persons. The EMG data were
recorded primarily with 50 KHz sampling frequency and later on down sampled with sampling frequency of 4 KHz .
The raw EMG signals were filtered using two analog filters : a 20 Hz high-pass filter and a 5K Hz low-pass filter to make
critical analysis of EMG signal in frequency band: 20Hz-5000Hz. [5]. The number of samples used in this present study is
8000 and the time duration is 2 second.

3. MULTI-RESOLUTION WAVELET ANALYSIS

A wavelet is a function W e L? ( B) which satisfies the condition

dw < oo (1)
W]

where, li’(w) is the Fourier transform of s (t). The wavelet transform (WT) exhibits properties of signal such as points

of abrupt changes, seasonality or periodicity and is a function of scale of frequency(a) and spatial position(translation) or
time(b). Taking integral values of scale of frequency and spatial position/time, a discrete function can be written as

1 _
Y, ,(t)=a 2\p(%),where a>0

W, , (t) is called the Wavelet Transform(WT) of a time domain function f(t) and
L t—b _
T,f(a,b)=a 2 jf (y(—)dt = <f Y, b> = inner product or dot product of fand ¥, ,
e a ’ '
If @w e L?(R),then ¥,,(t) e L>( B)forallab

0 2 0
oo =" [t %) a= flvcolecl® @

The Fourier transform is given by[6]

24|Page 30January2015 Www.gjar.org



Vol-2, Issue-1 PP. 23-29 ISSN: 2394-5788

. " b =
d »
& v
S
&
GLOBAL JOURNAIL O WVANCED RESEARCH

(Scholarly Peer Review Publishing System)

A 1% t=b o
W, (@) =4 2 J' eyt ] ze P aw) ()

—00

The EMG signal is non- stationary, non-linear, and stochastic process produced as a result of the summation of several
motor unit action potential trains (MUAPTS). In frequency domain analysis with processing of such signal, variations in
muscle force, length and contraction speed create barriers and pose difficulties in implementation of Fast Fourier
Transform (FFT) based mathematical algorithm[2]. In consideration of constraints of FFT implementation in EMG signal
decomposition, the wavelet transform (WT), in its discrete or continuous versions (DWT and CWT, respectively), has been
suggested as an alternative way of decomposing the EMG signals. In real real-time engineering applications, the discrete
Wavelet transform(DWT) transforms iteratively an interested signal into multi-resolution subsets of coefficients. The
DWT transforms the EMG signal with a suitable wavelet basis function (WF). In this study , Daubechies 5(db5) has been
used as an optimal wavelet basis function to investigate the usefulness of the multi-resolution wavelet analysis through
studying of the EMG features with different scales and local variations and also the elimination of the undesired frequency
components. The original EMG signal (S) is passed through a low-pass filter and a high-pass filter (coefficients of filters
dependant on chosen Daubechies 5 wavelet basis function) to obtain an approximation coefficient subset (cAl) and a
detail coefficient subset (cD1) at the first level. In order to obtain the multiple-resolution subsets, repetitious transformation
is done. This process is repeated until the desired final level is obtained. In wavelet transformation using Daubechies
5(db5), five approximation coefficient subsets(cAl through cA5) and five detail coefficient subsets(cD1 through cD5)
are produced at five decomposition levels(Figl). . The reconstructed EMG signals, namely A5, D5, D4, D3, D2, and D1
are reconstructed from inverse transformations of the coefficients ,cA5, cD5, cD4, cD3, cD2, and cD1 respectively[7].
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Fig. 1: Discrete wavelet transform decomposition tree from decomposition level 5

4.  RESULTS AND DISCUSSION

In Figure 2, results of spectrally analyzed values of recorded EMG signals for a healthy person and two patients have
been presented. It is obserable that in case of healthy person, the amplitudes of the frequency components in the range of 0
Hz-2000Hz mostly lie below the value of 0.0025. In case of myopathic patient, it is around 0.0025 and in some extent,
values exceed 0.005. In case of neoropathic patient, most of the frequency comonents are found to have values exceeding
0.005. The DFT implementation does not seem to be suitable for such non-stationary signal analysis.The recorded EMG
signals for three deferent categorized persons are shown in Figure 3. Each of the three EMG signals contains asymmetric
spikes. In case of healthy person, the maximum and minimum values of EMG signal are 0.5483mV and -0.3967mV with
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an average value of 0.0014 mV. In case of myopathic patient, the maximum and minimum values of EMG signal are
0.7033 mV and -0.5450 mV with an average value of 6.9008 x 10 mV. For the neuropathic patient, the maximum and
minimum values of EMG signal are 1.9000 mV and -4.2417 mV with an average value of -4.2445 x 10 mV. The
signals obtained from the raw EMG signal for a healthy person and the reconstructed EMG signals at different
multi-resolution levels and the signals between the raw EMG signal and the wavelet coefficient subsets at different
multi-resolution levels are presented in Figure 4. In Figure 4, the amplitude of A5 varies from 0.2125mV to -0.2688mV
for a maximum signal value of 0.5483mV. The low frequency components present in the decomposed wavelet cA5 and
reconstructed signal A5 are the identifier of the desired signal for classification. In both signals, the presence of spikes is
linked with muscle contraction and a more or less noisy static baseline is indicative of muscle relaxation. In Figure 4, the
high frequency components (the cD1-cD5, the D1-D5) can be assumed as noises. In Figure 5, the signals obtained from the
raw EMG signal for a myopathic person and the reconstructed EMG signals at different multi-resolution levels and the
signals between the raw EMG signal and the wavelet coefficient subsets at different multi-resolution levels are presented.

In such figure, the low frequency components of cA5 and A5 signals are representative as identity of the desired signal
for classification.

. Such signals are characterized by the presence of several peaks linking with the increased firing rate of motor units. It is
observable from such figure that for a maximum signal value of 0.7033 mV, the corresponding maximum and minimum
values of A5 are of 0.2074 mV and -0.1120 mV respectively.

In Figure 6, the signals obtained from the raw EMG signal for a neuropathic patient and the reconstructed EMG signals
at different multi-resolution levels and the signals between the raw EMG signal and the wavelet coefficient subsets at
different multi-resolution levels are presented. It is observable that in such figure that the cA5and A5 signals contain
spikes in irregular fashion with high amplitudes. The maximum and minimum values of A5 are found to have values of
0.3078 mV and -.0.2574 mV for a maximum signal value of 1.9000 mV . In view of classifying three categorized persons,
the estimated values of reconstructed signal data(D1) in mill-volt at five different levels for normal, neuropathic and
myopathic patients can be considered which varies between 0.2688 to -0.2146, 1.3108 -1.0415 and 0.3399 -0.3985
respectively.

Frequency Domain analysis of EMG signal for Healthy old man
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Fig. 2: Spectral analysis of Recorded EMG signals for a Healthy person and
two patients(Myopathic and Neoropathic)
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Fig. 3: Recorded EMG signals for a Healthy person and two patients
(Myopathic and Neoropathic)
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Fig. 4: Raw and reconstructed EMG signals of a Healthy person using Daubechies wavelet (db5) with 5 levels of
wavelet decomposition and reconstruction
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Raw and Reconstructed EMG signals for myopathic patient EMG signal and wavelet coefficient subsets for myopathic patient
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Fig. 5: Raw and reconstructed EMG signals of a myopathic patient using Daubechies
wavelet (db5) with 5 levels of wavelet decomposition and reconstruction
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Fig.6: Raw and reconstructed EMG signals of a neuropathic patient using Daubechies wavelet (db5) with 5
levels of wavelet decomposition and reconstruction

5. CONCLUSIONS
In this paper, wavelet based comprehensive analysis has been made on electromyography (EMG) signals for clinical
neurophysiologic evaluation of patients with neuromuscular disorders. Analysis of EMG signals with conventional DFT
technique has also been made. It has been ratified that biomedical signal like EMG containing sharp and asymmetric
spikes can be appropriately and efficiently analyzed using Daubechies’ wavelets rather than DFT based signal processing
scheme. From multiple-level decompositions of the EMG signals using Daubechies wavelet 5(db5), the EMG features
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have been successfully extracted for three different categorized persons. The investigation results of this paper can be
widely used in a wide class of clinical and engineering applications.
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