
Received May 7, 2018, accepted June 6, 2018, date of publication June 15, 2018, date of current version July 12, 2018.

Digital Object Identifier 10.1109/ACCESS.2018.2848201

An Efficient Kalman Noise Canceller for
Cardiac Signal Analysis in Modern
Telecardiology Systems
ASIYA SULTHANA1, MD. ZIA UR RAHMAN 1, (Senior Member, IEEE),
AND SHAFI SHAHSAVAR MIRZA2
1Department of Electronics and Communication Engineering, Koneru Lakshmaiah Educational Foundation, Guntur 522502, India
2Department of Electronics and Communication Engineering, Eswar College of Engineering, Narasaraopeta 522601, India

Corresponding author: Md. Zia Ur Rahman (mdzr55@gmail.com)

ABSTRACT Themonitoring of electrocardiography (ECG) in ambulatory conditions is an important task for
achieving success in remote healthcaremonitoring. In this paper, Kalman-based adaptive artifact cancellation
structures, which are the hybrid versions of least-mean-square (LMS) algorithm variants, are proposed for
the high-resolution enhancement of an ECG signal. The main advantage of the Kalman-based adaptive filter
structure lies in the extraction of the ECG signal at a low signal-to-noise ratio (SNR). This property helps the
Kalman noise canceller (KNC) to achieve greater monitoring accuracy. The hybrid version of this Kalman
algorithm makes the noise canceller independent of the step-size parameter, whereas the performance of
conventional adaptive filters depends on the step-size parameter. In the proposed KNCs, we use discrete
wavelet transform to generate a reference component from the contaminated ECG signal itself. In addition
to these constraints, in remote health care monitoring, it is necessary to lower the computational burden and
increase the convergence rate of the noise canceller. In a practical remote health care monitoring system if
the computational burden of the signal conditioning unit is more, then it takes a much greater amount of time
to process samples in the filter. This leads to waiting of incoming samples at the input port of the filter. This
causes overlapping of samples at the input port and causes ambiguity in the diagnosis process. To achieve the
feature of low computational complexity, we combine Kalman-based LMS (KLMS) with sign algorithms.
In addition, data normalization is introduced to improve convergence characteristics. Finally, to test the
performance of the proposed implementations, real ECG signals from the MIT-BIH database is used.
The measured parameters, namely, SNR, excess mean square error, and mis-adjustment are calculated in
the enhancement process to judge the ability of various algorithms. Experimental results confirm that
the proposed Kalman-based adaptive algorithms are better than the LMS-based algorithms. Among the
implemented techniques sign regressor-based KNC performs better in terms of various considered measures.

INDEX TERMS Adaptive noise cancellers, artifacts, convergence, electrocardiography, Kalman filter,
telecardiology.

I. INTRODUCTION
This storage modern day healthcare and advancements in
technology is able to reach and service a large group of
people in all parts of the world where conventional health care
systems face limitations. Advanced technologies are increas-
ingly needed tomeet the challenges posed by increased health
issues. One of the most commonly known problems is heart
health. With the diversities in lifestyles across the globe, this
problem matters. In the WHO’s report on non-communicable
diseases, it was reported that approximately 33% of people

face heart problems [1]. However, it is possible to identify
cardiac health via analysis. Arrhythmia, which is indicative
of heart problems, can be identified by analyzing ECG sig-
nals. It is done by monitoring the signal morphology over
a time period. The components P, Q, R, S and T are the
elements that are observed in an ECG signal, and these
elements help in identifying the arrhythmia. However, the
ECG signal can be severely affected by noise during extrac-
tion and transmission. Noise affects the shape and amplitude
of the elements of ECG signals. As a result, identifying the
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arrhythmia when the ECG signal is masked by physiologi-
cal and non-physiological artifacts and channel noise is an
important task in health care technology. Therefore, filtering
is needed to eliminate artifacts and clutter to provide high-
resolution signals for accurate diagnosis. Several filtering
approaches involving both adaptive and non-adaptive tech-
niques have been reported in the literature. In [2] power-
line interference cancellation based on various parameters,
updating of a sine wave according to the least-mean-squares
(LMS) algorithm is described. In [3] S-median threshold-
ing technique is proposed for denoising the ECG signals.
A non-local wavelet transform for removal of additive white
Gaussian noise in ECG signals is described in [4]. In [5]
power-line noise cancellation technique is described based
on a new discrete Fourier transform scheme. A less compu-
tational complexity algorithm for the fiducially point track-
ing from the electrocardiogram (ECG) is presented in [6].
Adaptive tunable notch filter algorithm is proposed in [7] for
the suppression of power line noise and muscle noise from
cardiac activity. An ECG enhancement technique based on
Stock well transform is proposed in [8]. In [9], data compres-
sion of multiplied electrocardiogram (MECG) using singular
value decomposition in multi-resolution domain is proposed.
In [10] fractal modeling and empirical mode decomposition
methods are used for the cancellation of respiration artifact
and power line noise from ECG signals. In [11], a new
method based spatially selective artifact removal method for
fetal ECG extraction is proposed. In [12] novel fractional
zero-phase enhancement method is proposed for cancellation
of noise in ECG signals.

Because noise in an ECG is random in nature, it will be
helpful to use filters that have an innate ability to adjust
the coefficients automatically. Such filters result in optimum
solutions with minimum residual error. The removal of noise
helps to appropriately identify segments for the detection of
arrhythmia and other abnormalities. Non-adaptive techniques
include basic Fourier, DFT-based [5], EMD-based [10], and
wavelet-based denoising. Adaptive techniques include Least
Mean Squares (LMS), least squares, and adaptive wavelet
filtering. Many researchers have contributed to improving
processing accuracy by trying to minimize noise and arti-
facts with the help of sophisticated electrodes and filter-
ing techniques for suppression, by implementing techniques
for compression, and by segment identification. A new
biotelemetry system for monitoring cardiac activity is pre-
sented in [17]. An entropy measure-based algorithm for the
detection of complex features of cardiac signal is proposed
in [18] which use the calculation of the time dependent
entropy. In [19] low-power analog IC based telecardiology
system is presented. In [13] the empirical-mode decompo-
sition (EMD) based technique is proposed to separate the
useful information about the ST–T complex from artifacts.
In [14] a new compression method based on weighted diag-
nostic distortion is proposed. Time domain Block Least
Mean Square (TDBLMS) algorithm is proposed in [15] for
EEG signal enhancement. In [16] discrete wavelet transforms

based adaptive filtering approach and artificial neural net-
work is proposed for cancellation of noise in ECG signal.
A large set of adaptive algorithms was presented to enhance
ECG signals, of which the LMS algorithm [21] is famil-
iar due to its simplicity. In [22] block based adaptive filter
structures for enhancement of cardiac signal is presented
which estimate the deterministic components of the cardiac
signal and eliminate the noise component. In [23] sign based
nonlinear adaptive artifact elimination method is presented,
and error nonlinearity-based adaptive filters are proposed,
which is superior with reference to computational burden.
The results obtained were quite encouraging for the use
of the LMS algorithm in real-time applications. However,
a serious drawback of LMS is slow convergence and its
unstable nature. The recursive least squares (RLS) present
a substantial computational burden [34]. Adaptive wavelet
filtering decomposes the signal to perform enhancement [36],
which in turn increases the computational complexity of the
signal enhancement process. Slow convergence can be accel-
erated by data normalization and variable step size. In [24]
a new adaptive algorithm is derived by the Euclidean norm
of the tap-input. Bias compensated normalized least-mean-
square (BC-NLMS) algorithm is proposed in [25] for noisy
inputs which is based on the estimated input noise variance
in the elimination process of the bias caused by noisy inputs.
In [26] a variable step-size adaptive filter is proposed by
correlation matrix analysis. Normalization helps to reduce
the biased form of estimation by incorporating the squared
vector of the signal. As a result, convergence and stability
are accelerated. However, the normalized version alone still
suffers from instability as it depends on noise.

In such a scenario, a Kalman filter is the best form of
linear estimation technique. It involves estimating the state
of the system, comparing it with actual measurements, find-
ing the error and updating the coefficients. In this process,
uncertainties exist. The noise signal statistics are fed as
input; appropriate noise statistics reduce the estimation error.
However, in real-time scenarios, feeding the system with
the actual statistics beforehand may not be possible. As a
result, initial errors are large as iterations are going on error
reduces. The Kalman filter works better when the noise
covariance is known. Provided with the appropriate initial
conditions, the Kalman filter reaches the solution quickly,
and it is immune to noise. Therefore, the drawbacks of the
conventional LMS algorithm are suppressed by combining
the data normalized by the LMS and the Kalman filter. This
framework is presented in [27], and the resulting algorithm is
the Kalman LMS (KLMS) algorithm. The KLMS algorithm
assumes the LMS as a noisy observation system and tries
to update the coefficients. Here, the Kalman state vector is
a counterpart to the weight vector of the LMS algorithm.
This process produces the advantages of reduced EMSE and
increased filtering capability. The combination of Kalman
and data-normalized LMS results in a better noise canceller,
called the Kalman Noise Canceller (KNC), for ECG signal
enhancement. The hybrid version of KNC is independent of
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step size [27]. This combination achieves good convergence,
better filtering capability and sufficient stability in operation.
On the other hand, in the artifact removal process, a reference
signal is required. In a practical scenario, it is always not pos-
sible to give the exact reference signal. This causes ambiguity
and degrades the high resolution of filtered signal. Hence,
in our proposed KNCs, we generate the reference signal from
the contaminated ECG signal itself by using DWT decom-
position. In this way the proposed implementations become
reference free realizations.

However, in real-time applications, such as remote health
care monitoring systems, the computational complexity of
the adaptive noise canceller (ANC) is an important factor.
It plays a vital role in the implementation of a lab on a
chip (LOC), a system on a chip (SOC), wearable devices and
VLSI architectures for health care systems. The importance
of biomedical signal analysis and processing in remote health
care monitoring is elaborated in [39] and [40]. The computa-
tional complexity of KLMS can be minimized by combining
it with simplified algorithms [23]. By combining KLMSwith
simplified sign-based algorithms, the resulting algorithms
have lower computational complexity for the computation
of weight update recursion. The three sign-based simplified
algorithms greatly reduce the computational complexity of
the weight update recursion of the corresponding technique.
The sign regressor algorithm needs only one multiplication;
the number of multiplications in this algorithm is independent
of filter length [33]. This feature is very important in real-
time implementations. This result minimizes computational
complexity, which leads to the avoidance of inter-symbol
interference at the input of the filter. We combine three
familiar simplified algorithms with KLMS, resulting in
the Kalman sign regressor LMS (KSRLMS), Kalman sign
LMS (KSLMS) and Kalman sign sign LMS (KSSLMS) algo-
rithms. The data normalization involved in KLMS causes
the number of multiplications to be equal to the length
of the filter in the denominator of normalization factor.
This can be avoided by using the maximum data value
of the data vector for the normalization operation. As a
result, only one multiplication is needed in the denominator.
We applied this strategy to KLMS and its sign variants. This
results in the maximum normalized KLMS (MKLMS), maxi-
mum normalized Kalman sign regressor LMS (MKSRLMS),
maximum normalized Kalman sign LMS (MKSLMS) and
maximum normalized Kalman sign sign LMS (MKSSLMS)
algorithms. Using these algorithms, we develop various
KNCs, and performance analysis is conducted. For standard-
ization, we also implement an LMS-based ANC for com-
parison. These implementations are tested on real cardiac
activity components taken from the MIT-BIH arrhythmia
database [29]–[32].

II. KALMAN BASED HYBRID ADAPTIVE NOISE
CANCELLERS IN ARTIFACT CANCELLATION
Artifacts in a biomedical signal are mainly classified as
two types. One is physiological noise and the other is

non-physiological noise. Baseline Wander (BW) (0.5-Hz
sinusoidal signal) and Muscle Artifact (MA) (5-500Hz)
is physiological noises, whereas Power Line Interference
(PLI) (60-Hz sinusoidal signal) and Electrode Motion (EM)
(1-10Hz) is non-physiological noises [37]. The major aim is
to remove these artifacts and thus eliminate the channel noise.
To eliminate these artifacts, adaptive filtering is a promising
technique. This is because of the ability of an adaptive filter to
vary its tap weights depending on the acquired physiological
signal characteristics. The basic filter used in the develop-
ment of an adaptive filter is an FIR filter associated with
an adaptive algorithm. The adaptive algorithm has the innate
ability to change the filter coefficients automatically based
on the feedback component taken from the output of the
filter. A typical framework of ECG enhancement based on the
LMS algorithm is presented in [28]. However, the major
drawback of a typical adaptive noise canceller is the prior
information about the noise is needed in the form of a ref-
erence signal. In practical situations it is difficult to predict
the exact nature of the artifact contained in the ECG signal.
To overcome this problem a wavelet-based decomposition
is employed to generate the reference signal from the con-
taminated ECG signal. DWT decomposition-based reference
signal generation implemented based on the framework pre-
sented in [36].

In our work we developed novel noise cancellers to elim-
inate artifacts from ECG signals and facilitates high reso-
lution signals to the doctor for diagnosis. In our work we
are using a Kalman algorithm in the development of pro-
posed Kalman Noise Canceller (KNC) because by combining
Kalman algorithm the adaptive algorithm becomes indepen-
dent of step size. Whereas, the conventional adaptive algo-
rithms are dependent on step size [27]. By using a normalized
algorithm in the proposed KNC, SNR could be significantly
improved [23], [34], and [35]. Again, by combining sign
algorithms the computational complexity of the proposed
KNC significantly reduced [33]. In this manner the hybrid
realization of proposed KNC is well suited for remote health
care monitoring systems.

Let us consider the adaptive filter shown in Figure 1. Let
‘x’ be a noisy ECG signal, i.e., x = ecg+ a+ c, where ‘ecg’
is the actual cardiac activity representation, ‘a’ is the artifact
contaminate cardiac activity, ‘c’ is the channel noise, r is
reference signal generated by DWT based decomposition of a
noisy ECG signal, c is the channel noise during transmission,
V is the coefficient matrix, and M is the filter length. Our
goal is to minimize the noise in the contaminated ECG signal
by training a reference signal. The generated reference signal
in the decomposition process is correlated with the actual
artifact component presented in the recorded cardiac com-
ponent. By following the same framework presented in [28],
we develop ANC by combining the Kalman and data normal-
ized LMS algorithms. The output of the filter for the given
input will be rVT. The error can be taken as, e = x− rVT.
By minimizing the error, the output will become noise-
free. Initially, we consider an LMS weight update recursion.

34618 VOLUME 6, 2018



A. Sulthana et al.: Efficient KNC for Cardiac Signal Analysis in Modern Telecardiology Systems

FIGURE 1. A typical Adaptive Noise Canceller for ECG signal enhancement.

The update equation for the LMS filter is given as,

Vn+1 = Vn+µe(n)r(n) (1)

where µ is the step size (in our simulations, µ is taken
as 0.01), Vn+1 is the filter weight coefficient of the next
iteration, Vn is the present weight coefficient.

As mentioned earlier, the LMS algorithm has poor con-
vergence and stability. Hence, to improve these qualities,
data normalization is applied. This makes the step size a
variable rather than a constant and increases the convergence
and filtering capability. This modified algorithm is called the
normalized LMS (NLMS) algorithm.

The weight update recursion after data normalization can
be written as follows: -

Vn+1 = Vn +
µe(n)r(n)

δ + r(n)2
(2)

where δ is a constant; this avoids filter, coefficients becoming
indefinite when the data value becomes zero. Here, the square
term in the denominator will minimize the impact of the
signal power of the filter response. However, as stated in [24],
the signal is not immune to noise. This is one of the drawbacks
of the NLMS algorithm.

Another drawback associated with this is the weight drift
problem [25]. The Kalman filter (KF) is a better linear esti-
mator. By giving the correct initial values, the Kalman filter
is able to predict and correct the coefficients, reducing the
residual noise in the enhancement process. Themajor concern
in Kalman is that the process should be linear and noise
should follow the Gaussian statistics.

The equations that govern the Kalman filtering are,

X(k+ 1) = F(k).x(k)+ N(k) (3)

Z(k) = HT(k)x(k)+ v(k) (4)

where X and Z denote the state vector and measure vector;
F and H denote the transition matrix and observation matrix;
and N and v denote the state noise and measurement noise,
respectively. Satisfying the conditions of linearity and noise

statistics results in signal enhancement. However, the con-
tamination associated with ECG component is non-linear;
as a result, KF itself is not able to eliminate such artifact
component. This can be avoided by combining KF with an
NLMS algorithm. The resultant hybrid algorithm is called the
Kalman LMS (KLMS) algorithm.

The mathematical recursion of KLMS algorithms is
expressed as-

Vn+1 = Vn +
r(n)e(n)

r(n)2 + qv(n)
/
σ 2
w

(5)

where, σ 2
w denotes the variance of coefficients and

qv(n) denotes the variance of the measured noise and is
the difference between the filter output and noisy input
signal. Here, we calculate the second term of denominator
as a separate function. The key feature of KLMS is that
it is independent of the step size parameter, whereas the
step size is a key parameter in conventional adaptive noise
cancellers.

Computational complexity is another important factor that
has to be considered, along with filtering capability, conver-
gence speed and stability. If the mathematical complexity
of the algorithm is huge, overlapping of data in the input
of the filter occurs. This key feature must be considered
while designing the filtering unit of a health care system
to overcome the problem of data overlapping and ambigu-
ities in diagnosis. Computational complexity can be mini-
mized using familiar simplified algorithms. These algorithms
apply a signum function to the data vector or error or both.
This results in the Sign Regressor Algorithm (SRA), Sign
Algorithm (SA) and Sign Sign Algorithm (SSA). The advan-
tage of SRA is that it requires only one multiplication in
computing the new weight coefficient. In addition, in SRA,
the number of multiplications is independent of the filter
length. The signum helps to reduce the complexity of encod-
ing the vector to be either zero or one. This will make the
filter reach the steady state quickly.
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The basic mathematical equation of the signum function is
represented as,

sign(r) =

 1, r > 0
0, r = 0
−1, r < 0

 (6)

By combining KLMS with SRA, SA and SSA, three sign-
based KLMS algorithms can be derived. These are KSRLMS,
KSLMS and KSSLMS. The weight update recursions for
these new algorithms are written as follows, respectively.

Vn+1 = Vn +
sign(r(n))s(n)

r(n)2 + qv(n)
/
σ 2
w

(7)

Vn+1 = Vn +
r(n)sign(s(n))

r(n)2 + qv(n)
/
σ 2
w

(8)

Vn+1 = Vn +
sign (r (n)) sign(s(n))

r(n)2 + qv(n)
/
σ 2
w

(9)

In the above three equations, the denominator contains r(n)2.
This indicates that the data vector of dimension 1 × M is
multiplied by its transverse matrix of dimension M×1. Thus,
‘‘M’’ multiplication and accumulation (MAC) operations
need to be performed in the denominator of (7), (8) and (9).
Furthermore, this can be minimized by performing the data
normalization using the maximum value of the vector ‘‘r’’
rather than the entire vector. After applying this maximum
data normalization operation, KLMS becomes a maximum
data normalized KLMS (MKLMS). Its weight update recur-
sion is written as,

Vn+1 = Vn +
sign(r(n))e(n)

max(r(n))2 + qv(n)
/
σ 2
w

(10)

Vn+1 = Vn +
r(n)sign(e(n))

max(r(n))2 + qv(n)
/
σ 2
w

(11)

Vn+1 = Vn +
sign (r (n)) sign(e(n))

max(r(n))2 + qv(n)
/
σ 2
w

(12)

Based on these Kalman-based algorithms, we develop vari-
ous KNCs to eliminate artifacts from the ECG signals. The
performance of these KNCs tests on real cardiac electrical
activity components taken from the MIT-BIH database and
performance metrics are compared. Figure 2 illustrates the
flow of the ECG enhancement process using the KLMS algo-
rithm. In our work we are concentrating on a novel signal
processing technique which is suitable at the receiving end of
a remote health care monitoring system (i.e., at hospital end)
to eliminate all the artifacts and noises before the biomedical
signals are presented to the doctor to facilitate high resolution
signals.

III. COMPUTATIONAL COMPLEXITY OF THE
PROPOSED ALGORITHMS
The computational complexity of any signal conditioning
technique is one of the important parameters in biomed-
ical signal processing applications. As the computational

FIGURE 2. Flow chart of KLMS based adaptive noise canceller.

complexity is large the data samples are delayed by an
amount equal to the processing time of the technique. As a
result, a large number of samples are gathered at the input
port. This leads to aliasing of the data samples. Hence,
in biotelemetry applications, computational complexity has
to be minimized [24]. In the proposed KNCs, the hybrid
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TABLE 1. Computational complexity of various algorithms in terms of filter length ‘M’.

versions of signum based algorithms are used for enhancing
the contaminated signal. The computational complexity of
these algorithms is shown in Table 1. From the calculated
number of computations, it is clear that among the algorithms
MKSRLMS requires less number of multiplications. Hence,
KNC based on this algorithm may be more useful in clini-
cal remote health care monitoring systems. Due to clipping,
a simple LMS combined with SRA needs only one multi-
plication. So, MKSRLMS requires only two multiplications
to process the algorithm. In the case of MKSSLMS only
single multiplications are sufficient. But, due to clipping the
data vector and error the signal quality will be degraded. So,
MKSSLMS could not be a better candidate in noise cancella-
tion applications. Based on these considerations and number
of computations for various algorithms, clipping mechanism,
it is confirmed that MKSRLMS could be a better algorithm
in noise cancellation applications in the context of health care
monitoring scenario.

IV. EXPERIMENTAL ANALYSIS AND RESULTS
To analyze the ability of the developed implementations,
we performed several experiments to remove artifacts from
the ECG signals. To conduct these experiments, we devel-
oped nine KNCs using the LMS, KLMS, KSRLMS,
KSLMS, KSSLMS, MKLMS, MKSRLMS, MKSLMS and
MKSSLMS algorithms. The test, ECG records are taken
from the familiar physiological signal database known as
the MIT-BIH Arrhythmia Database [29], [30]. This database
contains 48 two-channel ECG samples recorded from
47 patients [31], [32]. To evaluate the proposed algorithms,
we took ten data samples from this database. These signals
are as follows: record 100, record 101, record 102, record 103,
record 104, record 105, record 106, record 107, record 108
and record 109. The enhancement results for record 105 are
presented in this section. In our demonstration, we use the
first 4000 data values of the considered records.

The enhancement experiments were repeated for 10 times,
the averaged performance measures are recorded. The tap
size of the adaptively driven FIR filter (M) is chosen as 10,
and a Gaussian component of variance 0.001 is synthesized
to resemble the free space propagation distortion. To prove
the enhancement in the capability of developed KNCs,
we consider the signal-to-noise ratio improvement (SNRI)

in decibels (dBs.), EMSE, MSD and convergence charac-
teristics as metrics. These values are tabulated to compare
the performance. The convergence curves of the algorithms
used in various KNCs are presented in Figure 3. Com-
bining sign algorithms with LMS results in Sign Regres-
sor LMS (SRLMS), Sign LMS (SLMS) and Sign Sign
LMS (SSLMS). The convergence characteristics of LMS
and its sign-based variants confirm that SRLMS is slightly
inferior to LMS convergence. However, SRLMS is computa-
tionally less complex. SRLMS needs only one multiplication
irrespective of filter length. Thus, by comparing the fewer
number of multiplications, the inferior convergence can be
tolerated in SRLMS [33], [34].

FIGURE 3. Convergence curves of LMS variants used in KNCs.

The data normalization involved in the signum function
of SRLMS accelerates the convergence. Similarly, the sign
regressor version of normalized LMS results in NSRLMS.
This NSRLMS is also inferior in the convergence of the
NLMS algorithm [35]. The combinational filter of NLMS
and the Kalman filter (KLMS) converge better than the con-
ventional data normalized algorithm [27]. Its sign regres-
sor version (KSRLMS) is slightly inferior to KLMS with
reduced computational complexity. Therefore, among the
various algorithms, KSRLMS is found to have better conver-
gence characteristics in the ECG enhancement process.
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TABLE 2. Comparison of signal to noise ratio improvement using various techniques in artifact elimination process (all values in DBS).

In our implementation, KLMS is a hybrid of the Kalman
filter and the NLMS algorithm. NLMS converges faster than
the LMS algorithm [34]. Therefore, the combination of the
Kalman and NLMS algorithms results in faster convergence.
In general, the NLMS algorithm is a Markov process. It has
current-state information, but otherwise does not preserve the
data from the past scenario. The Kalman filter uses the new
measurement with all the tracked history that is packed in
the previous estimate. Hence, the proposed Kalman-based
NLMS algorithm uses the past and present information.
In this manner, KLMS achieves a higher convergence rate
than the NLMS algorithm [38].

A. PLI REMOVAL USING HYBRID KALMAN NOISE
CANCELLERS
In this section, we demonstrate the performance of the devel-
oped KNCs based on various Kalman-based adaptive noise
cancellers to eliminate PLI. The contaminated cardiac activ-
ity with Gaussian component is fed at the input port of
the KNC, as shown in Figure 1. The signal obtained after
DWT decomposing is fed as the artifact reference. The arti-
fact removal process is performed by using the techniques
elaborated in Section 2. For comparison, we also imple-
ment LMS-based ANC. The artifact removal processed is
employed on the ten records. The property of SRA confirms
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TABLE 3. Comparison of performance in terms of emse due to various techniques in artifact elimination process (all values in DBS).

that among the three signum based algorithms, SRA is
less complex with reference to the multiplication opera-
tions needed. Hence, among the various hybrid algorithms in

association with signum algorithms, SRA-based ANC / KNC
is computationally less complex. This is one of the impor-
tant performance measure parameters. For the performance
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TABLE 4. Comparison of performance in terms of misadjustment due to various techniques in artifact elimination process (all values in DBS).

evaluation, we calculated SNRI, EMSE, and MSD and are
compared. These results are presented in Tables 2, 3 and 4.
Figure 4 show the filtering results of PLI using various
algorithms.

Additionally, Figure 5 illustrates the residual artifact
remains in the cardiac signal component after processing
by various artifact cancellation techniques. From Figure 5,
it is clear that KLMS, KSRLMS, MKLMS and MKSRLMS
perform better than the other algorithms, as the residual
noises after filtering using these algorithms are DC responses.
Again, among these four algorithms, the performance is
judged by comparing SNRI, EMSE and MSD. The simula-
tion results of record 105 are shown in Figure 4, Figure 5,
Figure 6 and Figure 12 show a comparison of various

performance measure parameters during the PLI removal
experiments. As shown in Tables 2, 3 and 4, among
these algorithms, KLMS achieves the maximum SNRI
of 35.4189 dBs., whereas its sign regressor version achieves
34.5607 dBs. with reduced multiplication operations.

Again, by reducing the number of multiplications in the
denominator, MKLMS achieves 35.0864dBs; its sign regres-
sor version achieves 33.5941dBs.

Therefore, by comparing these four algorithms, it is
clear that MKSRLMS is better in the considered KNCs.
MKSRLMS attempts to reduce the multiplication actions
by an amount equal to the filter tap length in the denom-
inator part of the normalization function, as well as in the
weight update recursion. Considering the reduced number of
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FIGURE 4. PLI Enhancement results: a) ECG with PLI, b) enhancement
using the LMS, c) enhancement using KLMS, d) enhancement using
KSRLMS, e) enhancement using KSLMS, f) enhancement using KSSLMS,
g) enhancement using MKLMS, h) enhancement using MKSRLMS,
i) enhancement using MKSLMS, and j) enhancement using MKSSLMS.

FIGURE 5. Residual Noise after PLI Filtering: a) Power Line Interference,
b) noise component remains after LMS filtering, c) noise component
remains after KLMS filtering, d) noise component remains after KSRLMS
filtering, e) noise component remains after KSLMS filtering, f) noise
component remains after KSSLMS filtering, g) noise component remains
after MKLMS filtering, h) noise component remains after MKSRLMS
filtering, i) noise component remains after MKSLMS filtering, and
j) noise component remains after MKSSLMS filtering.

multiplications, the difference in SNRI between KLMS and
MKSRLMS can be tolerated, which is only 1.8248 dB. The
other versions of sign-based KNCs are worse than KLMS and
its sign regressor version. The conventional LMS-based ANC
only achieves an SNRI of 9.0063 dBs.

A similar type of behavior is observed among the
KNCs / ANCs with reference to EMSE and MSD. The
EMSE achieved by KLMS, KSRLMS, KSLMS, KSSLMS,
MKLMS, MKSRLMS, MKSLMS, MKSSLMS and LMS

FIGURE 6. BW Enhancement results: a) ECG with BW, b) enhancement
using the LMS, c) enhancement using KLMS, d) enhancement using
KSRLMS, e) enhancement using KSLMS, f) enhancement using KSSLMS,
g) enhancement using MKLMS, h) enhancement using MKSRLMS,
i) enhancement using MKSLMS, and j) enhancement using MKSSLMS.

are −35.1846, −33.5983, −27.7841, −25.7409, −34.8294,
−32.1953,−26.4261,−23.9846 and−21.5227, respectively.
From these calculations, it is clear that MKSRLMS and
KLMS differ by a value of −2.9893 with a reduced number
of multiplications. The MSD achieved by KLMS, KSRLMS,
KSLMS, KSSLMS, MKLMS, MKSRLMS, MKSLMS,
MKSSLMS and LMS are 0.0389, 0.0409, 0.0440, 0.0473,
0.0415, 0.0425, 0.0478, 0.0516 and 0.0725, respectively.
From these calculations, it is clear that MKSRLMS and
KLMS differ by a value of 0.0036 with a reduced number
of multiplications.

B. BW REMOVAL USING HYBRID KALMAN NOISE
CANCELLERS
In this experiment, we attempted to eliminate BW from the
ECG signals. Real ECG signals with BW are taken from
the MIT-BIH sinus arrhythmia database and fed at the input
port, as illustrated in Figure 1. The component obtained
after DWT decomposition is taken as the reference sig-
nal. Filtering experiments are performed on the considered
database ten times, and average values are tabulated. The
performance metrics SNRI, EMSE and MSD are tabulated in
Tables 2, 3 and 4. Figure 6 show the filtering results of
BW using various algorithms. Additionally, Figure 7 illus-
trates the remaining noise after enhancement process by
various KNCs. From Figure 7, it is clear that KLMS,
KSRLMS, MKLMS and MKSRLMS perform better than
the other algorithms, as the residual noise after filtering
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FIGURE 7. Residual Noise after BW Filtering: a) Baseline wander, b) noise
component remains after LMS filtering, c) noise component remains after
KLMS filtering, d) noise component remains after KSRLMS filtering,
e) noise component remains after KSLMS filtering, f) noise component
remains after KSSLMS filtering, g) noise component remains after MKLMS
filtering, h) noise component remains after MKSRLMS filtering, i) noise
component remains after MKSLMS filtering, and j) noise component
remains after MKSSLMS filtering.

using these algorithms is lessened. Again, among these four
algorithms, the performance is judged by comparing SNRI,
EMSE and MSD. The simulation results of data105 are illus-
trated in Figure 6, Figure 7 and Figure 12 illustrates various
performance measure parameters during the BW removal
experiments.

As tabulated in Tables 2, 3 and 4, among various algo-
rithms, KLMS achieves the maximum SNRI of 11.8235 dBs.,
whereas its sign regressor version achieves 11.0115 dBs.
with reduced multiplication operations. Again, by reducing
the number of multiplications in the denominator, MKLMS
achieves 11.4758 dBs.; its sign regressor version achieves
10.4885 dBs. Therefore, by comparing these four algorithms,
it is clear that MKSRLMS is better in the considered KNCs.
MKSRLMS attempts to reduce the number of multiplication
actions by the tap length in the denominator part of the nor-
malization function as well as in the weight update recursion.
By considering the reduced number of multiplications, the
difference in SNRI between KLMS and MKSRLMS can be
tolerated, which is only 1.3350 dB. The other versions of
sign-based KNCs perform worse than KLMS and its sign
regressor version.

The conventional LMS-based ANC achieves an SNRI of
only 4.6124 dB. A similar type of behavior is observed among
the KNCs / ANCs with reference to EMSE and MSD. The
EMSE achieved by KLMS, KSRLMS, KSLMS, KSSLMS,
MKLMS, MKSRLMS, MKSLMS, MKSSLMS and LMS
are −22.8493, −20.2952, −18.8625, −16.3252, −21.3894,
−19.7836,−17.6854,−15.6255and−12.6204, respectively.
From these calculations, it is clear that MKSRLMS and
KLMS differ by a value of -3.0657 with the reduced number

FIGURE 8. MA Enhancement results: a) ECG with MA, b) enhancement
using LMS, c) enhancement using KLMS, d) enhancement using KSRLMS,
e) enhancement using KSLMS, f) enhancement using KSSLMS,
g) enhancement using MKLMS, h) enhancement using MKSRLMS,
i) enhancement using MKSLMS, and j) enhancement using MKSSLMS.

of multiplications. The MSD achieved by KLMS, KSRLMS,
KSLMS, KSSLMS, MKLMS, MKSRLMS, MKSLMS,
MKSSLMS and LMS are 0.3552, 0.4427, 0.4796, 0.5392,
0.3841, 0.4587, 0.5429, 0.5574 and 0.5630, respectively.
From these calculations, it is clear that MKSRLMS and
KLMS differ by a value of 0.1035 with the reduced number
of multiplications.

C. MA REMOVAL USING HYBRID KALMAN NOISE
CANCELLERS
In this experiment, we attempted to eliminate MA from the
ECG signals. Real ECG signals with an MA are taken from
the MIT-BIH sinus arrhythmia database and are given at the
input port, as shown in Fig.1.The reference muscle artifact
component is generated using DWT decomposition of a con-
taminated ECG signal. Filtering experiments are performed
on the considered database ten times, and the average values
are tabulated. The performance metrics SNRI, EMSE and
MSD are presented in Tables 2, 3 and 4. Figure 8 show
the filtering results of MA using various algorithms. Addi-
tionally, Figure 9 illustrates the remaining noise component
after enhancement process. From Figure 9, it is clear that
KLMS, KSRLMS, MKLMS and MKSRLMS perform better
than the other algorithms, as the residual noise after filter-
ing using these algorithms is lessened. Again, among these
four algorithms, the performance is judged by comparing
SNRI, EMSE andMSD. The simulation results of data105 are
shown in Figure 8, Figure 9 and Figure 12 shows a com-
parison of various performance measure parameters during
MA removal experiments.

As tabulated in Tables 2, 3 and 4, among the algo-
rithms, KLMS achieves the maximum SNRI of 11.5368 dBs.,
whereas its sign regressor version achieves 10.8812 dBs.
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FIGURE 9. Residual Noise after MA filtering a)Muscle artifacts, b) noise
component remains after LMS filtering, c) noise component remains after
KLMS filtering, d) noise component remains after KSRLMS filtering,
e) noise component remains after KSLMS filtering, f) noise component
remains after KSSLMS filtering, g) noise component remains after MKLMS
filtering, h) noise component remains after MKSRLMS filtering, i) noise
component remains after MKSLMS filtering, and j) noise component
remains after MKSSLMS filtering.

with the reduced multiplication operations. Again, by reduc-
ing the number of multiplications in the denominator,
MKLMS achieves 11.4919 dBs.; its sign regressor version
achieves 10.5382 dBs. Therefore, by comparing these four
algorithms, it is clear that MKSRLMS is better in the con-
sidered KNCs. MKSRLMS attempts to reduce the number of
multiplication action equal to the tap length in the denom-
inator part of the normalization function as well as in the
weight update recursion. By considering the reduced number
of multiplications, the difference in SNRI between KLMS
and MKSRLMS can be tolerated, which is only 0.9986 dB.
The other versions of sign-based KNCs perform worse than
KLMS and its sign regressor version. The conventional
LMS-based ANC achieves an SNRI of only 4.0008 dB.

A similar type of behavior is observed among the
KNCs / ANCs with reference to EMSE and MSD. The
EMSE achieved by KLMS, KSRLMS, KSLMS, KSSLMS,
MKLMS, MKSRLMS, MKSLMS, MKSSLMS and LMS
are −21.3458, −20.8675, −17.1469, −15.9797, −20.3723,
−19.9582,−16.8734,−14.8457 and−13.8287, respectively.

FIGURE 10. EM Enhancement results: a) ECG with EM, b) enhancement
using the LMS, c) enhancement using KLMS, d) enhancement using
KSRLMS, e) enhancement using KSLMS, f) enhancement using KSSLMS,
g) enhancement using MKLMS, h) enhancement using MKSRLMS,
i) enhancement using MKSLMS, and j) enhancement using MKSSLMS.

From these calculations, it is clear that MKSRLMS and
KLMS differ by a value of−1.3876 with the reduced number
of multiplications. The MSD achieved by KLMS, KSRLMS,
KSLMS, KSSLMS, MKLMS, MKSRLMS, MKSLMS,
MKSSLMS and LMS are 0.2848, 0.3782, 0.3812, 0.3869,
0.2955, 0.3951, 0.4064, 0.4188 and 0.4262, respectively.
From these calculations, it is clear that MKSRLMS and
KLMS differ by a value of 0.1103 with the reduced number
of multiplications.

D. EM REMOVAL USING HYBRID KALMAN NOISE
CANCELLERS
In this experiment, we attempted to eliminate EM from
ECG signals. Real ECG signals with EM are taken from
the MIT-BIH sinus arrhythmia database and are given at the
input port, as shown in Fig.1. The reference electrode motion
artifact component is generated using DWT decomposition
of a contaminated ECG signal. Filtering experiments are per-
formed on the considered database ten times, and the average
values are tabulated. The performance metrics SNRI, EMSE
andMSD are tabulated in Tables 2, 3 and 4. Fig. 10 shows the
filtering results of EM using various algorithms.

Additionally, Fig.11 illustrates the remaining noise com-
ponent after enhancement due to various techniques. From
Fig.11, it is clear that KLMS, KSRLMS, MKLMS and
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FIGURE 11. Residual Noise after EM filtering a) Electrode motion artifact, b) noise component
remains after LMS filtering, c) noise component remains after KLMS filtering, d) noise component
remains after KSRLMS filtering, e) noise component remains after KSLMS filtering, f) noise
component remains after KSSLMS filtering, g) noise component remains after MKLMS filtering,
h) noise component remains after MKSRLMS filtering, i) noise component remains after MKSLMS
filtering, and j) noise component remains after MKSSLMS filtering.

FIGURE 12. Comparison of performance measures during artifact elimination using various KNC.

MKSRLMS perform better than the other algorithms, as the
residual noise after filtering using these algorithms is
lessened.

Again, among these four algorithms, the performance is
judged by comparing SNRI, EMSE andMSD. The simulation

results of data105 are shown in Fig. 10, Fig. 11 and
Fig. 12 shows a comparison of various performance measure
parameters during the EM removal experiments. As shown
in Tables 2, 3 and 4, among the algorithms, KLMS achieves
the maximum SNRI of 14.3462 dBs., whereas its sign
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regressor version achieves 13.5073 dBs. with the reduced
multiplication operations. Again, by reducing the num-
ber of multiplications in the denominator, MKLMS
achieves 13.1311 dBs.; its sign regressor version achieves
12.6402 dBs. Therefore, by comparing these four algorithms,
it is clear that MKSRLMS is better in the considered KNCs.
MKSRLMS attempts to reduce the multiplication operations
by an amount equal to the tap size in the denominator part of
normalization function as well as in the weight update recur-
sion. By considering the reduced number of multiplications,
the difference in SNRI between KLMS and MKSRLMS can
be tolerated, which is only 1.7060 dB. The other versions
of sign-based KNCs perform worse than KLMS and its sign
regressor version.

The conventional LMS-based ANC achieves an SNRI of
only 4.7782 dB. A similar type of behavior is observed among
the KNCs / ANCs with reference to EMSE and MSD. The
EMSE achieved by KLMS, KSRLMS, KSLMS, KSSLMS,
MKLMS, MKSRLMS, MKSLMS, MKSSLMS and LMS
are −22.3905, −20.5128, −17.8622, −15.9831, −21.7103,
−19.6962,−16.8369,−14.5703 and−12.3952, respectively.
From these calculations, it is clear that MKSRLMS and
KLMS differ by a value of−2.6943 with the reduced number
of multiplications. The MSD achieved by KLMS, KSRLMS,
KSLMS, KSSLMS, MKLMS, MKSRLMS, MKSLMS,
MKSSLMS and LMS are 0.3247, 0.3328, 0.3562, 0.4536,
0.3308, 0.3549, 0.3647, 0.5665and 0.5929, respectively.
From these calculations, it is clear that MKSRLMS and
KLMS differ by a value of 0.0302 with the reduced number
of multiplications.

V. CONCLUSION
In this paper, we present novel noise cancellers for ECG sig-
nal enhancement based on the Kalman filter. This proposed
methodology is a reference free implementation because of
DWT based decomposing the contaminated signal and is
independent of step size due to the hybrid version of Kalman
algorithm. These two features make the proposed KNC as a
novel implementation in the context of ECG enhancement.
To achieve better performance, we apply data normalization
and signum algorithms with the proposed hybrid algorithm.
The resultant KLMS and its variants exhibit superior perfor-
mance than the conventional LMS-based ANC. These per-
formance measures are presented in Tables 2, 3 and 4. The
developed KNCs are demonstrated on real ECG components
obtained from the MIT-BIH database. In noise cancellation
experiments, KLMS, KSRLMS, MKLMS and MKSRLMS
performed better than the other sign algorithm combina-
tions. By considering convergence, computational complex-
ity, SNRI, EMSE and MSD, it is finally concluded that
MKSRLMS is well suited for remote health care applications.
The key factor that enables the use of this algorithm in real-
time implementations is its lower computational complexity.
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