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ABSTRACT:In bio-medical signals, removal of noises is one of the major issues. In recent years, adaptive filtering
plays an efficient role in processing and analysis of biomedical signals. An adaptive filter allows to detect time varying
potentials and to track out the dynamic variations of the signals and it modify their behavior according to the
input. This paper focuses on the enhancement of adaptive filters in biomedical field by preprocessing technique using
wavelet transform. Preprocessing is a technique which process and remove the noises in the input before fed into the
adaptive filters, which will further improves the performance of adaptive filters. At the end of this paper, a
comparison study has been done between with and without preprocessing of adaptive filters based on Mean square
error and Convergence rate. For that, we carried out the simulations on MIT-BIH database. The simulation results
show that the performance of adaptive filters with preprocessing remove the noises much better than ordinary adaptive
filters.
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L. INTRODUCTION

Our human body consists of various types of biomedical signals based on that we can detect the health condition of the
human being. While monitoring these biomedical signals, the interruption of noises will lead to wrong diagnosis. Due
to the instruments, surrounding environment, physical factors the noises may occur. Various noises that majorly affect
the biomedical signals are electronic noise, motion artifact, muscle noise, power line interference. Due to the
fluctuations in power supply (hypothetically) between 47Hz to 53Hz, we can’t remove the noises efficiently using
notch filter at 50Hz. A static filter remove all the frequencies between 47Hz and 53Hz, which could excessively
degrade the quality of the sensitive biomedical signals like ECG since the heart beat would also likely have frequency
components in the rejected range, which will lead to wrong diagnosis. In order to prevent this kind of loss of sensitive
information an adaptive filter has been used. The adaptive filter can able to track the actual frequency of the noise as it
fluctuates by taking the input both from the patient and from the power supply.

In the area of biomedical signal processing, several papers have been presented with adaptive solution based
on the various algorithms is suggested. For noise cancellation in ECG signal, performance study and comparison of
LMS and RLS algorithms is carried out in [1]. For noise cancellation in respiratory signal, performance study and
comparison of adaptive algorithms is discussed in [2]. Noise cancellation in ECG signals using adaptive filtering
techniques in biotelemetry is presented in [3]. Application of wavelet transform and its advantages compared to
fourier transform is given in [4]. Motion artifact cancellation in ambulatory ECG measurement system for the
detection of cardiac diseases is carried out in [5]. Removal of 50Hz power line interference from ECG signal and
comparative study of LMS and NLMS is analyzed in [6]. Application of LMS and its member algorithms to remove
various artifacts in ECG signal is given in [7]-[8]. Different adaptive algorithms mean square error behavior,
convergence and steady state analysis are analyzed in [9]-[10]. The performance analysis of adaptive filtering for
heart rate signals is discussed in [11]. Adaptive filter algorithms basic concepts and mathematical support for all the
algorithms are taken from [12].
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Il. NOISES IN ADAPTIVE FILTER

In biotelemetry, there may be a lot of chances for wrong diagnosis due to the interruption of noises in
biomedical signals. Majorly occurring biomedical noises are Electronic noise, Motion artifact, Muscle noise, Power
line interference. These noises are overcome with the help of adaptive filters.

1. Motion artifact

The changes in electrode-skin impedance with electrode motion causes transient baseline change put a
way to motion artifact. It has been assumed that the major cause for the motion artifact is by its subjects vibrations or
movements. Due to motion artifact, information regarding patient monitoring is skewed and causes irregularities in
the data leads to wrong diagnosis. It can be minimized by proper design of the electronic circuitry and its set up. The
peak amplitude and duration of the artifact are variables since all the bio-medical units are sensitive device, it can
pickup unwanted electrical signals which may modify the actual biomedical signal.

2. Power line interference

Power line interference is a major disturbance in measuring biomedical potential. It consists of 50Hz pickup
and harmonics which can be modeled as sinusoids and combination of sinusoids. The amplitude, frequency like
characteristics of a signal in the model of power line noise need to be varied according to the measurement
situation and once set, during detector evaluation it will not change. It is difficult to measure high resolution
potentials as less than 1V due to the power line noise.

3. Electronic noise

The loss of contact between skin and electrode leads to electronic noise. Biomedical signals are interrupted by
various types of noises. Here electrode itself acts as a source of noise. These noises occur as a rapid baseline
transition which decays exponentially to the baseline value and has a superimposed 50 Hz component. In succession,
this rapid baseline transition may occur only once or may rapidly occur several times.

4. Muscle noise

Muscle noises are mainly due to movement of muscle during measurement of a signal. Due to the muscle
noise, time and frequency parameters calculated from these myographic signals like electromyography (EMG) and
vibromyographic (VMG) signals will change the original biomedical signal will lead to false diagnosis.

I11. ADAPTIVE FILTERS

A system is said to be adaptive when it tries to adjust its parameters with the aid of meeting some well-defined
target or goal that depends upon the systems state and its surroundings. So the system adjusts itself so as to respond to
some phenomenon that is taking place according to its surroundings. Adaptive filters are self-designing filters
according to an algorithm which allows the filter to “learn” the initial input statistics and to track them if they are time
varying. These filters estimate the deterministic signal and remove the noise uncorrelated with the deterministic signal.
In order to design a filter prior knowledge of the desired response is required. When such knowledge is not available
due to the change in nature of filter requirements. It is impossible to design a standard digital filter. In such situations,
adaptive filters are desirable. Adaptive filters continuously change their impulse response in order to satisfy the given
condition. They are capable of learning from the statistics of current conditions and change their coefficients in order to
achieve a certain goal. The block diagram of adaptive noise canceller is shown in Figure

Copyright to JAREEIE WWW.ijareeie.com 10031



ISSN (Print) : 2320 - 3765
ISSN (Online): 2278 — 8875

International Journal of Advanced Research in Electrical,
Electronics and Instrumentation Engineering
(An ISO 3297: 2007 Certified Organization)

Vol. 3, Issue 6, June 2014

NOSEw[n)

/1\ o
INPUT Xn} » +
S

ERROR &ln)

ADAPTIVE
FILTER it

%" [n} /

Fig.1. Principle of adaptive filters

IV. ADAPTIVE FILTER ALGORITHMS

Adaptive filter algorithms are broadly classified as stochastic gradient approach (i.e., least mean square
algorithm) and least square estimation (i.e., recursive least square algorithm)

1. Least mean square (Ims)

The LMS algorithm is a method to estimate gradient vector with instantaneous value. It changes the tap weights of the
adaptive filter recursively.
The error estimation e(n) is given by

e(n) =dn) —w, x(n) (1)
The weights are updated in each iteration by

W1 = W, + pe(n)x(n) (2

Here x(n) is the input vector of time delayed input value

x(n) = [x(m)x(n—-1)..x(n=N+1)]" — @3)
w(n) represents the adaptive filter coefficient at time n.u represents the step size. If p is too small,
w, issmall,s oitconverge on the optimal solution will be too long. If p is too large, w, becomes unstable and
unbounded.
2. Recursive Least Squares Algorithm (RLS)
Recursive Least-squares algorithm is one of the method of least squares used for adaptive filter design. The RLS

algorithm performs better than LMS algorithm due to the following natures such as it faster convergence rate,
minimizes the least squares error between the output and the desired signal, reduced computational complexity.

Em) =Y le®? - )
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V. WAVELET TRANSFORM

In this paper, preprocessing is carried out using wavelet transform. When compared to other transforms like fourier
transform we prefer wavelet transform due to the following reasons. Fourier transform represents the signal as the sum
of sine and cosine functions which have infinite duration in time. Whereas in wavelet transform the signals are
represented as the sum of basic functions which are localized in time leads to more compact representation and also
provides better insight into the properties of the signal.

In wavelet analysis, signals are represented as a set of basis functions which are derived from a single prototype

function called mother wavelet. Basis functions are formed by translating and dilating the mother wavelet.

fo) = Z;_ YO _dkDh2rgeEe-y e 5)

Where d(k,I) represents the discrete wavelet transform of f(t) and k, | are referred to as integers.
V1. BLOCK DIAGRAM

This block diagram shows the enhancement of adaptive filters using preprocessing technique. First the biomedical
signals are picked up from the biomedical instruments. And then it is send to the preprocess block. Here the
preprocessing is carried out with the help of wavelet transform. Then only it is send to the adaptive filters for the
removal of noise. After that only it is used for diagnosis of a signal.
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Fig.2. Principle of adaptive filter with preprocessing

VII. MATERIALS AND METHODS

The newly inaugurated Research Resource for Complex Physiologic Signals, which was created under the auspices of
the National Center for Research Resources of the National Institutes of Health, is intended to stimulate current
research and new investigations in the study of cardiovascular and other complex biomedical signals. The resource has
3 interdependent components, such as PhysioBank, PhysioToolkit, and PhysioNet.

PhysioBank is a large and growing archive of well-characterized digital recordings of physiological signals
and related data for use by the biomedical research community. It currently includes databases of various biomedical
signals from healthy subjects and from patients with a variety of conditions with major public health implications,
congestive heart failure, sleep apnea, neurological disorders, and aging. PhysioNet data archive (PhysioBank) currently
contains over 10,000 recordings of annotated, digitized physiologic signals and time series, organized in over 50
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databases (collections of recordings). All of this software is available in source form, so that it can be studied,
validated, and modified if necessary to suit the needs of individual researchers

VIII. SIMULATION AND RESULTS

In this work, among various biomedical signals a respiratory signal from nasal is carried out for a sample. And
its simulation and results are as follows
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Figure 3.(a) Signal with electronic noise, output without preprocessing, output with preprocessing. (b) Signal with
motion artifact, output without preprocessing, output with preprocessing.(c) Signal with muscle noise, output without
preprocessing, output with preprocessing. (d) Signal with powerline interference, output without preprocessing, output

with preprocessing.
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Fig.4. (a) Signal with electronic noise, output without preprocessing, output with preprocessing. (b) Signal with motion
artifact, output without preprocessing, output with preprocessing. (c) Signal with muscle noise, output without
preprocessing, output with preprocessing. (d) Signal with powerline interference, output without preprocessing, output
with preprocessing.
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From the above results it is shown that Adaptive filters with preprocessing gives the better result when
compared to adaptive filter without preprocessing in terms of its Mean square error (MSE) and convergence rate (c(z)).

IX. CONCLUSIONS

Adaptive filters are enhanced using preprocessing technique like wavelet transform for better diagnosis in
biomedical field.
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