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Abstract — The proposed signal processing technique uses
Fast Independent Component Analysis (ICA) algorithm to
improve the quality of the original biosensors recordings, which
can be used as valuable pre-processing technique such as cross
talk removal, artefact reduction etc. Initially, the ill conditioned
original surface Electromyography (sEMG) recordings were
separated using ICA methods and later they were
reconstructed using modified un-mixing matrix. The simulation
results showed huge improvement of the original recorded
signal after reconstruction. The proposed method has potential
applications in various biomedical signal processing techniques.

I. INTRODUCTION

Cross talk removal and noisy source separation are one of
the challenging tasks in biomedical signal processing
techniques. During physiological signal recordings, noise and
electrical activity from parts of the body other than the target
muscles gets super-imposed. Moreover, the complexity of the
human muscle anatomy and noise factors results difficulty in
identifying the number of active sources from the multiple
channel recordings.

Researchers have employed numerous techniques to
reduce the cross talk and artefacts from different parts of the
body. Most common methods among them include types of
electrodes, careful selection of the electrode location and with
suitably designed data acquisition equipment. However, there
are number of situations where the cross talk and artefacts
may be very strong and prevent the useful interpretation of
the desired signals. Examples of such situations include
surface Electromyography (SEMG) recordings, from the back
and thorax area that have Electrocardiogram (ECG) and
breathing artefacts. Another instance is, during sEMG
recordings of hand and wrist muscles to identify different
hand gestures for human computer interface. The cross talk
due to the different muscles can result in unreliable
recordings, also, at some instances the cross talk maybe of
greater magnitude than the signal itself. Hence, it is essential
to keep the original sensor recordings of very good quality,
which would further help in other post processing methods
[1].

There exist several signal processing methods to solve the
above problem; the simplest and most commonly used
technique to improve the quality of the recording is rejection
[2], it is performed by discarding a section of the recording
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that has artefact exceeding a threshold. This method is
simple, but causes a considerable loss of data and its
reliability is debatable since it is primarily based on visual
examination. Moreover, it is mainly reliant on the technician
who is investigating the signal, making it less dependable.
The other commonly used techniques to improve the quality
of biosignals recordings include spectral filtering, gating and
cross-correlation subtraction [3]. Spectral filtering is often
not practical due to the overlap of the frequency spectrum of
the desired signals and the artefact component. Conversely,
gating and subtraction may introduce discontinuity in the
reconstructed signal [1]. In the recent past, researchers have
used techniques such as time domain [4], frequency domain
and regression [5] methods. However, simple regression in
time domain can over-compensate the artefacts [1], the
regression techniques depend on the availability of a proper
regressing channel (a separate channel) to record the
corresponding artefact as a reference. This is often not
feasible when recording sEMG data. As a result, better
artefact removal and signal enhancement techniques are
necessary to overcome the disadvantages of the previous
methods. Also, in most of the cases, the quality or the signal
separation solely depends on quality of the recordings,
irrespective of the type of the algorithms used to solve the
problem [6-8]. In general, SEMG signals are linear in nature.
Hence, the signal originating from one muscle can normally
be considered to be independent of other bioelectric signals
such as ECG, Electro-oculargram (EOG) and signals from
adjacent muscles. This justifies the usage of Independent
Component Analysis (ICA) for this application [9].

II. THEORY

ICA is a data analysis technique whose rationale is to
solve the so-called Blind source Separation (BSS) problem,
which consists of recovering unobserved signals or “sources”
from observed mixtures, i.e., from the output of an array of
sensors. ICA is an iterative technique that can be used to
separate signals from different sources. It is a very
convenient technique for source separation as it requires very
little information of the sources or the signals to be separated,
and with the availability of easy to use software packages, is
becoming very popular for numerous applications [6, 9].

Let x,x,,...,x,be a set of n observed random variables
expressed as linear combinations of another n random

variables 81582505 Sy, ie.,

n
x,»=al-lsl+a[2s2+...+amsn=Za wherei=1,...,n

j=1
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and a; €R. The variables s;are assumed to be statistically
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mutually independent. Let x and s be random vectors that

contain the mixtures  x|,Xp,...,Xx, ands;,$,...,S,,

respectively, and let A be the matrix with entriesa; =A;.

The aforementioned mixing model can then be written as

X =As (D

where x is an observed data vector, A is an unknown full
rank mixing matrix, s, is an unknown non- Gaussian source

process. The goal of ICA is finding the matrix, W = A™", so
that the sources can be estimated from the vector x by
optimizing a statistical independence criterion.

5 = Wx =W (As) )

where § are the estimated sources up to permutation and
scaling ambiguity. However in this process, the quality of the
separation would also depends on the recorded signals; x. i.e.
the quality of separation might be poorer for very low quality
of recordings [6, 7, 9].

In general, physiological properties of the different SEMG
recordings are unknown, and the purpose of the signal
processing analysis is to find out the dissimilarities.
Biosensor signals that need to be analysed have unknown
features and properties. This makes it important to determine
the reliability of the separation technique before employing
the same on the bioelectric signals. Due to the unknown
nature of the signal, it is difficult to measure the quality of
separation using any features of the signal in the output.
Hence, it is important to identify the objective quality of the
separation, the technique would accomplish based on signal
properties and mixing environment. The current techniques
that have been developed for determining the quality of
separation for audio based data are not suitable for biosensor
signals because of the inability to relate it to information. For
this reason, it is critical to reconstruct the separated sources
for further analysis and post processing techniques.

In this research, we propose a novel method to reconstruct
the improvised original recording, where it could be further
used for source separation and other analysis. After
computing the independent components (IC) as described
before, a set of “ICAreconstructed” signals was obtained as
follows. Initially, the frequency spectrum was computed for
each IC. In the next step, the rows in the matrix W that
corresponded to ICs with ic < 0.10 (10% or less frequency
content) were set to zero. After visual inspection of all IC
waveforms and their spectrograms, a value of 0.10 was
chosen as threshold because it was found that all ICs with ic
< 0.10 was adequate to keep up the power of the original

recordings. The new matrix that was obtained, denoted by
A

W, is similar to the matrix W described before (W = W),

A
with the difference that W does not contain information
pertaining to ICs that contribute no or little to the content of
-1
A AN

the original signals x. After computing A= W , we can

likewise get rid of the columns in A analogous to the

unwanted components and obtain a new matrix, denoted by

N
Z, where Z =~ A . By performing the operation, the original
recorded signals (x) are reconstructed as

NN A

x=ZW s = AW s 3)

which are similar to the original recorded signals x but with
the difference that no information is included that comes
from ICs that have ic <0.10.

III. METHODS

To test the above theory, EMG data from the PhysioNet
database (courtesy of Seward Rutkove, MD, Department of
Neurology, Beth Israel Deaconess Medical Center/Harvard
Medical School) was considered. They collected the data
with a Medelec Synergy N2 EMG Monitoring System. They
have used a 25mm concentric needle electrode into the
tibialis anterior muscle of each subject. The patient was then
asked to dorsiflex the foot gently against resistance. The
needle electrode was repositioned until motor unit potentials
with a rapid rise time were identified. Data were then
collected for several seconds, at which point the patient was
asked to relax and the needle removed [10].

The data were recorded at 50 KHz and then downsampled
to 4 KHz. During the recording process, two analog filters
were used: a 20 Hz high-pass filter and a 5K Hz low-pass
filter. The EMG data set consist of the following categories:

e  Healthy patients
e Patients with Neuropathy and
e Patients with Myopathy

The original recordings were initially separated using Fast
ICA and later they were reconstructed using proposed
method. The qualities of the original and reconstructed
recordings were measured using the Amari index and Signal
to Interference Ratio (SIR), which are one of the widely used
evaluation methods in source separation problem [I11].
Amari index and SIR is briefly explained below:

Amari performance index (API), it is also called as global
rejection index defined by

m

y +ZZ i ol w

man |pkj

|pv|

i1\ = lman|Pk|

where P = p; =WA. The API is a measure of diagonality of

matrix. A perfect ICA separation will produce an identity
confusion matrix (P) and therefore A,(P)=0. Practically
A,(P) value should be very small for better separation [12].
SIR is the ratio of the power of the wanted signal to the total
residue power of the unwanted signals. Generally, higher

SIR value is desirable for better quality signals. Both SIR
and Amari index were computed for several recordings.
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IV. RESULTS AND DISCUSSIONS

The performance of the original recordings (x) and the

reconstructed signal (x) were tabulated in table I and II
respectively.

TABLE L. AMARI INDEX VALUES FOR ORIGINAL AND
ICARECONSTRUCTED SIGNALS
AN
Samples ICAreconstructed( x ) Original (x)
1 0.12 0.26
2 0.1 0.25
3 0.09 0.23
4 0.07 0.22
5 0.06 0.21
6 0.051 0.19
7 0.05 0.18
8 0.03 0.14
9 0.025 0.12
10 0.02 0.1
TABLEII. SIR VALUES FOR ORIGINAL AND ICARECONSTRUCTED
SIGNALS
AN
Samples ICAreconstructed( x ) Original (x)
1 21 18
2 19 16
3 18.5 15.5
4 18 14
5 17 12.5
6 16 11.5
7 15.5 10
8 14.5 8.5
9 14 7
10 13 5.5

The above results were plotted for different SEMG signals
(figure 1).
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Fig.1. Amari index and SIR value plot for Reconstructed signal ( x ) and
original signal (x)

From the results listed in Table I, it can be seen that the
“ICAreconstructed” signals showed lower Amari index
values as compared to ICA separated sources. Also, from
Table II it can be seen that “ICAreconstructed” signals have
higher SIR values as compared to original ICA separated
signals. It is evident from Figure 1 that the reconstructed

signal ( x) showed lot of improvement as compared to the
original signal (x). This has demonstrated the efficacy of the
proposed technique.

V. CONCLUSIONS

There exist numerous ICA methods in literature for
source separation. However, most of the instances the
efficacy of the source separation depends on quality of the
recordings. This research proposed a novel technique to
reconstruct the original recordings by discarding the
unwanted components in original recordings. This method
could be considered as one of the filtering method, but it is
arguable that by filtering some important information can be
lost. Hence this method can be used for improving the quality
of the original recordings (noisy or low quality) prior use of
any ICA methods. The advantage of this technique is that it
maintains the original quality of the recordings. Although,
this technique is efficient in EMG signal analysis, it requires
more experimental analysis to test this technique with other
biomedical signals. Authors would like to conduct more
experimental analysis to test this technique in near future.
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