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Abstract: Electromyography signal is most important signal for analysis of any muscle and can be used for
biomedical applications. The techniques of EMG signal analysis such as Surface Electromyography Signal
Processing, Wavelet transforms, Independent Component Analysis (ICA)is discussed in this paper in depth. This
paper provides researchers a goodunderstanding of EMG signal and its analysis procedures. This knowledge
will help to develop more flexibleand efficient applications.
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I.  Introduction

EMG (electromyography) is a study of muscles function using electrical signal generated by any type
of muscle. The detection, processing and analysis of EMG signal has become a major research area in
biomedical field involving wide range of expertise from physician, engineer to computer scientist. Study of
EMG is said to begin as early as 17th century. Nevertheless, not until the last couple of decades, the EMG study
had been intense due to the use of modern electronic devices and equipment along with new techniques in signal
processing [1].

Representation of electrical potential in form of timevarying signal is what we called as EMG signal.
By studying the EMG, one is actually looking into the characteristics of body movement due to muscle
contraction activity. Obtaining EMG signal from human includes several processes involving recording, data
acquisition, signal conditioning and processing. Recording of EMG signal is done by mean of electrodes. Three
types of electrodes that are commonly used is wire, needle and surface electrode where the latter being the most
widely used since it is non-invasive [2]. With different kind of electrode, the EMG signal that obtained might
contain different characteristic.

EMG is also used in many types of research laboratories, including those involved in biomechanics,
motor control, neuromuscular physiology, movement disorders, postural control, and physical therapy. EMG is
controlled by nervous system and depends on anatomical and psychological properties of muscles [3].

1. Methods For EMG Signal Processing
EMG signal processing in any method is divide in various steps i.e. data acquisition, data pre-processing, data
modelling, data analysis and interpretation. There is various method for processing of EMG signal but in this
paper, only three main techniques are discussed.
a) Surface Electromyography Signal Processing
b) Wavelet transforms
c) Independent Component Analysis (ICA)

a) Surface Electromyography Signal Processing

i. Amplification

EMG signal obtained by electrode is relatively small with amplitude range up to 10 mV or 5 mV
[3,4]. This amplitude range might be too small for further processing. In most applications, EMG signal need to
be digitized and sent to processor, microcontroller or CPU for feature extraction. Since signal with insufficient
amplitude range might not be feasible to be analysed, amplification of the signal is a necessity. Usually this is
done with instrumentation amplifier built specifically to amplify bio signal. Prior to amplification, a pre-
amplifying stage would also be necessary to provide initial amplification and converts the signal to a low level
of impedance before it is fed to the main amplifier [5]. Instrumentation amplifier could be constructed using
general purpose op-amp such as LM 741. However, it is also available in form of a special function integrated
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circuit (IC). Examples of instrumentation amplifier 1C used in literatures are the Analog Devices AD 620 [6,7],
Burr-Brown INA 102[5] and Texas Instruments INA 128 [8]. The amplification gain varies according to
amplifier manufacturer. Some literatures record an overall gain of 70,000 starts from preamplifier stage [5].
Others use smaller gain from 600,1000 to 10,000 [9] and 50,000 [10].

ii. Noise sources and removal

A raw EMG signal sometimes contains inevitable noise. With the presence of noise, the data of muscle
contraction characteristic would no longer be genuine. Noise in EMG signal might caused by i) inherent noise in
electronics equipment, ii) ambient noise from electromagnetic radiation, iii) motion artifact and iv) inherent
instability of signal [11].Noise could also originate from the electrode. The metal electrolyte contact of electrode
is intrinsically noisy and ithas become an important factor in EMG noise. It is a limiting factor for detection of
very small potentials.

An EMG recording system with wire that connects surface electrode with the adjacent amplifying
equipment could be vulnerable to pick up main hums and other electrical interference [12]. Therefore, to solve
the noise problem which might results from using lengthy wire, Johnson et al.(1977) had proposed a pair of
surface electrode combined with differential amplifier in a single module [12]. The preamplifier circuit built for
this module has operational characteristics which allow surface EMG signals to berecorded with effective
suppression of extraneous electrical interference. This device which is called miniature skin mounted
preamplifier had been used in several literatures. Motion artifact is another source of noise. It could be caused
by electrode moving on skin surface and electrode wire movement. Noise produced by motion artifact is in the
range of 0 to 20 Hz and the easiest way to deal with this noise is to filter it out with high-pass filter [13].
Regardless of motion artifact noises, SEMG signal in 0 to 20 Hz rangedo provide significant information on
firing rates of active motor units [14]. However, in most works, information contained in signal of this range is
not of interest.
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Fig.1. Three figures showing a raw SEMG signal (abové), SEMG signal with presence of small ECG artifacts
(centre) and SEMG signal with power line interference (below).
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There are cases where artifact noise is unavoidable due to natural and intentional causes. For example, Fratini et
al. [15]

works on removing motion artifact from surface EMG recording in Whole Body Vibration. Vibration
training is used in sport medicine to enhance athletic performance. Surface EMG recording is done on subject
undergoing vibration training for muscle activity evaluation. The vibration would produce motion artifact and
creates noise. Fratini et al. [15] used adaptive filtering to abolish such noise. Accelerometers are placed onto
platform or directly on muscles providing error signal shape to be cancelled from the raw SEMG signal. The
results obtained shows effective cancellations of the vibration frequency. In general, surface electrode is used to
pick up any biosignal. Obviously, interference from other biosignal is very likely during surface EMG recoding.
Electrocardiography (ECG) is the most common source of interference and often known as ECG artifact. A
number of literatures had studied location of surface EMG recording that affected by ECG artifact. Among the
muscle location that is vulnerable to ECG interference are trunk muscles [16,17], back muscles [18,19] and
chest. VVarious methods had been studied for ECG artefact removal from SEMG signal. High-pass filtering using
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Butterworth filter is probably the most simple and straightforward idea. Value of cut-off frequency must be
chosen in the way that it would not affect the real SEMG signal. The optimal value of cut-off frequency as
proposed in some literatures would be around 30 Hz [20,21].

b) Wavelet transform

One of the main properties of wavelet transform is that it can be implemented by means of a discrete
time filter bank. The WT represents a very suitable method for the classification of EMG signals [27]. It is an
alternative to other time frequency representations with the advantage of being linear, yielding a multiresolution
representation and not being affected by crossterms [18,20,21,22,23,24]. Under certain conditions, the EMG
signal will be considered as the sum of scaled delayed versions of a single prototype. The WT is described by
Eqn.1 [25,26]:

C(s,p) = f(O-P(s,p, O)dt (i)
where:

C (scale, position) — wavelet coefficient,

f(t) — signal,

y(scale, position) — wavelet function.

WT will be also used to analyze signals atdifferent resolution levels. It will be analyzed therelationship
between wavelet coefficients and the time frequency plane. The DWT is a transformation of theoriginal
temporal signal into a wavelet basis space. Thetime-frequency wavelet representation is performed byrepeatedly
filtering the signal with a pair of filters that cutthe frequency domain in the middle. Specifically, the
DWTdecomposes a signal into an approximation signal and adetail signal. The approximation signal is
subsequentlydivided into new approximation and detail signals. Thisprocess is carried out iteratively producing
a set ofapproximation signals at different detail levels (scales) anda final gross approximation of the signal. This
can beexpressed as follows (Fig.2-3):
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Fig. 2. Discrete wavelet transform: S — signal; HiFD — high pass filter; LOFD — low pass filter; cA — wavelet
coefficients for high scale; cD — wavelet coefficients for low scale
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Fig.3. Inverse discrete wavelet transform: S — signal; HiFR — high pass filter; LoFR — low pass filter; cD —
wavelet coefficients for low scale; cA — wavelet coefficients for high scale.
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The A and D sequences obtained as the result ofIDWT are still massive in terms of the number of
samples, which contributes to large dimensionality of feature space. Besides, the sequences have a high noise
component inherited from the original EMG signal (Fig.4-5).
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Fig. 4. The reconstruction of detailed sequence; 0 — the signal is equal 0; HiFR — high pass filter; LoFR — low

pass filter; cD — wavelet coefficients for low scale; D- detailed sequence.
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Fig. 5. The reconstruction of approximation sequence; 0 — the signal is equal 0; HiFR — high pass filter; LoFR —

low pass filter; cA — wavelet coefficients for high scale; A- approximation sequence.

The scales ¢ were chosen in conjunction with thesampling rate to give wavelets with a period in the 3-
20 ms range. This range was reported for single human muscle action potentials. The magnitude of C(a,d) was a
measure of the matching of the original with the 'db4' scaled and translated wavelet. Results of the
decomposition are shown in figure 6. Analysis was performed using the Matlab 6 Wavelet Toolbox. The level of
decomposition is described by numbers close the signals. The sequences have different value of level and
frequency. The signal ashas high scaleand low frequency. The detailed sequences (d1- d5) have the lower scale
than a5. The biggest scale has signal d5, and the lowest scale has signal d1. Those are the signals with the

highest frequency.
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Fig.6. Wavelet decomposition
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C) Independent Component Analysis (ICA)

The ICA algorithm has rapidly become one of the most prominent signal processing techniques. The
ICA is a statistical method, which can assume the original signal from the mixture signal.P. Common first
proposed this method [28] and it is used for transforming an experimental multivariate
random vector into components that are statistically independent from each other. In ICA there is noorder of
magnitude associated with each component, and the extracted components are invariant to the
sign of the sources. Using this vector-matrix notation, the above mixing model is written as:
X=As (i)
Equation (ii) represents an ICA model. Where X = [x1, x2...xm]"is an m vector of linear mixtures, S = [s1,
s2,...,sn]"is an n-dimensional random vector of independent source signals, and A is full-rankm x n scalar
linearly mixing matrix (n x m). Without knowing the source signals and the mixingmatrix, a signal copy of the
statistically independent sources s will be estimated from observedmixtures x. Figure 6 shows that the block
diagram of the blind source separation technique.

Sit) () St
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Fig.7 Blind source separation (BSS) block diagram

In figure [7], s (t) are the sources. X (t) are the recordings s"(t) are the estimated sources, A is the
mixing matrix, and W is the un-mixing matrix. Without non-Gaussianity, the estimation of the ICA model is not
possible. ICA vyields improvements above Principal Component Analysis (PCA), when signals do not display a
Gaussian distribution [29]. It is suitable to separate the EMG signals from
different sources when the assumptions below are fulfilled:

(i) Sources are independent at each time instant

(if) Mixing matrix is linear and propagation delays of it are negligible

(iii) The sources are stationary and do not change with time

(iv) The signals are non-Gaussian

(v) The electromyographic (EMG) artifacts are statistically and mutually independent.
Consequently, ICA is a feasible method for source separation and decomposition of an EMG signal.

Nowadays it is widely used to separate and remove noise sources from EMG and to decompose EMG
signals into a maximum number of independent components. There are different types of ICA algorithms; some
of them are used for processing the EMG signal, such as the Fast ICA algorithm, the

Joint Approximate Diagonalization of Eigen-matrices (JADE), and the Infomax Estimation or
maximum likelihood algorithm. The Fast ICA algorithm is a very popular method due to its simplicity, fast
convergence and satisfactory results.

Hyvarinen introduced new contrast (or objective) functions for ICA based on the minimization of
mutual information first [30]. There are two types of fast ICA algorithms: Fixed-point algorithm for one unit,
and Fixed-point algorithm for several units. The Fast ICA algorithm could be performed at the beginning of
each iteration, in order to solve overlaps and cancellations between MUAPSs. It solves the low signal-to-noise
ratio, which is the main complication in surface EMG signal decomposition [31].

Nakamura et al. reported that ICA is a very useful technique for decomposing SEMG signals into
Motor-Unit Action Potentials (MUAPS) originating from different muscle sources. Fast ICA could provide
much better discrimination of the properties of Motor-Unit Action Potential Trains (MUAPTS) for SEMG signal
decomposition (i.e., waveforms, discharge intervals, etc.) than PCA [32]. Fast ICA is

a type of algorithm that successfully isolates power-line components from EMG signals. However, the
performance of Fast ICA fluctuates quickly and few components obtained by ICA decomposition are inverted—
a major problem when automatically decomposing EMG signals. Cardoso firstly proposed the JADE algorithm
[33], which is more effective than Fast ICA for decomposing SEMG signals [33].

The JADE algorithm is based on the principle of computing several cumulant tensors, which are a
generalization of matrices [34]. Firstly, Zhou et al. examined the feasibility of ICA based on an Information
maximization (Infomax) algorithm for obtaining more information of the active motor units. Infomax ICA was
unable to isolate all the MUAP trains due to time delays and the variances in shape between the surface action
potentials detected at the different electrode locations. Furthermore, blind source separation techniques
addressing a more complex convoluted mixing model are required for obtaining accurate firing rate information
[35]. Bell and Sejnowski first introduced the Maximum Likelihood (ML) algorithm by using the stochastic
gradient method [36]. The estimation of this algorithm is based on the fact that no prior information is available.
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Furthermore, Garcia et al. demonstrated that the JADE ICA could be used successfully for solving overlaps of
MUAPs. In each iteration of the algorithm, the action potentials of one motor unit (MU) could generally be
separated from the others. They showed that the JADE algorithm is more efficient than Fast ICA. JADE’s
performance is not strongly affected by added noise. However, inter-channel delay is the main drawback of this
method [37].

In this section, the authors have reviewed some of the more prevalent approaches to ICA along with
their potential benefits when applying them to EMG signals. The author has concluded that the ICA-based
filtering procedure provides successful results in removing ECG artifacts and power-line noise (PLI), due to its
largely independent signal-to-noise ratio, and because of its subtle effects on frequency content.

I11. Conclusion

EMG (Electromyography) is one of the efficient techniques used for analysis of muscle activity. EMG
carries important information regarding the nerve system which gives a reliable results. There are number of
techniques used for analysis of this generated signal but in this, mainly three techniques are discussed. The aim
of this paper to provide study of these techniques and accordingly it will help to analyse the EMG signal in
different environment. This comparison ofmethodologies will help researchers encounter the perfect method for
analyzing EMG signals, which isrequired in medical and physiological applications, such as diagnosis of
neurological problems,biomedical and biochemical research, prosthetic arm control and end-user applications.
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