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Abstract— Electrocardiogram (ECG) is a Process of measuring  

electrical activities of heart. Every section of ECG is very vital 

for the analysis of different cardiac Issues. But the amplitude and 

duration of ECG signal is generally corrupted by different 

noises. The main problem in biomedical data processing is the 

separation of desired signal from noise caused by different 

reasons. Different filters are used to get the desired component 

from  the unwanted signals caused by interferences. To get rid 

off from the noise , fixed co-efficient  filters are not relevant 

because human behavior is not exact known depending on the 

time Adaptive filter algorithm is best suits to overcome this kind 

of issues. In this paper Adaptive filters are considered to reduce 

ECG signal noises . Result of simulations in LABVIEW 

(Laboratory Virtual Instrumentation Engineering Workbench) 

are presented. The goal of this paper is to represent the denoising 

&Processing of ECG signals via LabVIEW . Lab VIEW provides 

a robust and efficient environment with its signal processing 

capabilities for resolving ECG signal processing tribulations. 

Lab VIEW is one of the Influential tools in recording, denoising, 

analyzing, and extracting ECG signal . 
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Adaptive Filter, LMS algorithm. 

I. INTRODUCTION 

lectrocardiography (ECG) plays an important role in 

monitoring and identifying cardiovascular diseases.The 

Work has been inspired by the need to find an competent 

method for ECG signal recording and processing. ECG 

signals are non-stationary pseudo periodic in nature and 

whose behavior varies with time. The proper processing of 

ECG signal and its accurate detection is very much 

necessary .since it determines the condition of the heart. Lab 

VIEW based signal analysis is simple and has good accuracy 

and less estimation time. Lab VIEW is a platform and 

development environment from National Instruments.Lab 

VIEW is one of the powerful tools in recording, denoising, 

analyzing, and extracting ECG signals. The initial task is 

proficient recording of ECG signal.It actually involves the 

extraction of the required cardiac components by rejecting 

background (BG) noise. The functions in Lab VIEW are 

called Virtual Instruments (VIs). ECG is a nearly periodic 

signal that reflects the activity of the heart. However, the ECG 

signals being non-stationary in nature, it is very difficult to 

visually examine them. The use of Lab VIEW & data 

acquisition in biomedical makes the real time monitor systems 

with high performance, low cost of development, most 

reliable and flexible. 

In biomedical engineering, the designed system in paper 

facilitates the automatic abstraction of noises and filtration of 

acquired signal on virtual cardiographs and this system can be 

used for investigation, identification of peak QRS and auto 

diagnose. It is a graphical programming language with three 

important components data acquisition, data analysis and data 

visualization.  

 An adaptive filter is a computational mechanism that 

attempts to model the relationship between two signals in real 

time in an iterative manner. Adaptive filters are realized either 

as a set of program instructions running on an arithmetical 

processing equipment such as  microprocessor or DSP chip, or 

as a set of logic operations implemented in a FPGA. However, 

ignoring any errors initiated by numerical precision effects in 

these implementations.  

The fundamental operation of an adaptive filter is 

characterized independently of the specific physical 

realization that it takes.  

An adaptive filter is described by four features: 

1. the signals being processed by the filter 

2. the structure that defines how the output signal of the 

filter is computed by its input signal. 

3. the parameters within this structure that can be 

iteratively changed to alter the filter’s I/O 

relationship 

4. the adaptive algorithm that describes how the 

parameters are adjusted from one time instant to the 

next. 

II. PROPOSED IMPLEMENTATION 

Consider a  Least-mean-square (LMS) adaptive filter of length 

L, that takes an input sequence x(n) and updates the weights 

as 

 

w(n + 1) = w(n) + μ x(n) e(n), (1) 

Where w(n) is the tap weight vector at the nth index 

 

 x(n) = [x(n) x(n−1) · ·x(n−L+1)] (2) 

 

Where x(n) is the input vector 

 

e(n) = d(n)−w(n) x(n) 

 

E 
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with d(n) being the so-called desired response available 

during initial training period and μ being the step size 

 

 
 

 Normalized LMS (NLMS) algorithm is one more class of 
adaptive algorithm that is used to train the coefficients of the 
adaptive filter. This algorithm takes into account disparity 

in the signal level at the filter output and choosing the 

normalized step size parameters  that results in a stable as 

well as rapid converging algorithm. 

The weight update relation of NLMS can be expressed as, 

 

w(n + 1) = w(n) + μ(n) x(n) e(n)      …(3) 

 

with variable step size parameter μ(n), x(n) being the input 

vector, e(n) is the error. Another weight update relation for 

NLMS algorithm is as below 

 

w(n + 1) = w(n) + [ μ / (p+ xt (n) Φ(n) ] x(n) e(n) …..(4) 

 

The variable step can be written as, 

 

μ(n) =μ / p+ xt(n) x(n)   ..(5) 

 

Here μ is fixed convergence factor to control adjustment. 

The parameter p is set to keep away denominator being too 

small and step size parameter too big. Along with  the two 

adaptive algorithms presented as above, the SA has a 

convergence rate and a steady-state error that are vaguely 

inferior to those of the LMS algorithm for the same parameter 

setting. But, the computational complexity of SA is more less 

compared to LMS algorithm [11].  

The benefit of the NLMS algorithm is that the step size can be 

preferred independent of the input signal power and the 

number of tap weights used. Hence the NLMS algorithm has a 

convergence rate and steady state error better than LMS 

algorithm. While On the other hand some additional 

computations are requisite to compute μ(n) [12]. 

In order to manage with both the complexity and convergence 

issues without any restrictive tradeoff we offered a normalized 

signed LMS algorithm (NSLMS) for abstraction of noise from 

ECG signal. 

The weight update relation of NSLMS can be articulated as 

below, 

w(n + 1) = w(n) + μ(n) x(n)sgn{e(n)} …(4) 

with sgn being the sign term which reduces computational 

complexity . 

 

III. SIMULATION RESULTS 

To show the NSRLMS algorithm is effective in clinical 

situations, this method has been validated using ECG 

Simulated wave generated by LabVIEW. 

 To demonstrate the extractraction of fetal electrocardiogram 

(ECG) signals from maternal abdominal ECG signals. we 

obtain maternal abdominal ECG signals from the abdominal 

leads. Maternal abdominal ECG signals contain both maternal 

ECG signals and fetal ECG signals. We use an adaptive filter 

to extract fetal ECG signals from maternal abdominal ECG 

signals. To use an adaptive filter as the solution, we must 

obtain maternal thorax ECG signals from thorax leads as 

reference signals.Order of the filter, Step size &  amplitude of 

the interference signal directly  proportional to the intensity of 

the interference signal and initial phase angle of power line 

interference signal. 

 

Figure. 2. Typical filtering Results of Noise  (a) Abdominal ECG Signal (b) 

Thorax ECG Signal (c) Recovered ECG Signal using LMS Algorithm. 
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Figure. 2 Block diagram /coding behind the process 

 

 

 
Figure. 3. Typical filtering Results of Power-line Interference (a) Original 

ECG Signal (b) ECG Signal with 60hz noise (c) Recovered ECG Signal using 

LMS Algorithm. 
 

 
Figure. 4. Typical filtering Results of Power-line Interference (a) Original 

ECG Signal (b) ECG Signal with 60hz noise (c) Recovered ECG Signal using 
Normalized LMS Algorithm. 

 

Figures 2,3,and  reflects the diagrams of ECG signal in 

cleaned, noisy and recovered condition.First graph shows the 

original ECG signal with infinity SNR. 

The Second graph shows the ECG signal with 60Hz PLI noise 

with a SNR of -2.0612. Third graph shows in the figure 

cleaned ECG signal at filter output. 

By comparing first and last graph in all the figures it is seen 

that the signals are imitation of each other, which means that 

the ECG signal obtained after filtering is the right 

approximation of the clean ECG signal. This also shows the 

efficiency of adaptive filter algorithms. 

 

 

 

TABLE I 

PERFORMANCE COMPARISION NLMS and LMS 

ALGORITHMS for POWER-LINE INTERFERENCE 

Algorithm SNR 
 

before 

filtering 
SNR 

 

after 

filtering 
SNR 

 

Improvement 
 

LMS -2.0612 9.7336 
7.7124 

 

NLMS -2.0612 9.8341 
7.7729 

 

 

IV. CONCLUSION 

In this paper performance comparison of LMS & NLMS 

adaptive filter algorithms used to remove the Power-line 

Interference from the ECG signal after its improvement is 

presented. From the simulation results it is shown that the 

output SNR values for the algorithms are acquired and 

compared with each other, with reference to Power-line 

Interference Noise & we can see that the approach of using 

adaptive filter algorithms for ECG signal enhancement 

provide a better realization than the non-adaptive structures. 

This paper also shows that ECG signal enhancement gives a 

clear picture, how simply we can evaluate a noisy ECG signal, 

a clean ECG signal and prevent the original signal being 

contaminated from PLI. 

 The proposed weight updating equations for NLMS boost up 

the speed over respective LMS algorithm based realization. 

Also the computational complexity is reduced with the 

proposed formula which is in fact also useful for wireless 

biotelemetry ECG realizations. 
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