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Abstract— In this paper a new method for noise filtering of 

high resolution stress ECG is presented. The method is based 
on a perfect reconstruction and linear phase filter banks, 
which decompose the ECG signal to different frequency 
subbands. Then different processing algorithms are applied to 
different frequency subbands to remove various ECG noises 
such as baseline, power line, EMG noises and motion artifacts.  
The proposed processing algorithms for frequency subbands 
are adaptive. The algorithms first estimate the noise level of 
the ECG signal and based on the noise level, the parameters of 
the algorithms are selected. One of the benefits of filter bank 
is its capability of applying both frequency and time domain 
processing simultaneously. To apply time domain processes, it 
is required to extract fiducial points of ECG signal such as Q, 
R, S and J points. We have also introduced a new multi-
resolution curvature scale space based method to extract these 
points, which can extract these points precisely.  The 
comparison of proposed method with those other methods 
showed that the proposed methods have promising results.  

I. INTRODUCTION 
ecording of electrocardiograms (ECG’s) is a useful 
tool for diagnosing heart disease. Typical cycle of an 

ECG is shown in Fig. 1. Based on ECG signal shape and 
distance between fiducial points and other parameters, 
physicians diagnose heart diseases. Interpretation of the 
shape of ECG signal and recognition of the fiducial points 
and calculation of parameters is a tedious task for the 
physician; 100000 cardiac cycles per patient are recorded 
in a day and a physician has to interpret this large amount 
of ECG data to search for only a few abnormal cardiac 
cycles in the ECG. One solution to this problem is the 
extraction and interpretation of ECG signal using computer 
software. However electrocardiographic (ECG) signals 
may be contaminated by various kinds of noise, which may 
degrade the interpretation process by the physician or 
computer software. Therefore, it is necessary to remove 
various noises of ECG signal before displaying or 
interpreting it. Fiducial points extraction algorithm should 
also have less sensitivity to noise.   

The noise sources of ECG signals are different and each 
of them demands a special algorithm to remove. Typical 
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sources are: 
1) Power line interference 
2) Motion artifacts 

3) Muscle contraction (electromyographic, EMG) 
4) Baseline drift and ECG amplitude modulation with 

respiration 
There are other, less significant noise sources too. A 

brief description and simulation method of each noise 
source will be given below. The algorithms for removing 
different noises will be discussed later. 

A. Power line Noise 
Power line interference consists of 60 Hz pickup (in the U.S.) 
and 50 Hz pickup (in IRAN and Europe) and harmonics which 
can be modeled as sinusoids and combination of sinusoids. 

B. Baseline drift and ECG amplitude modulation with 
respiration 

Baseline drift is a low frequency noise which its energy 
resides mainly in the frequency range of dc to 0.8 Hz. 
However in stress ECG its frequency content may be 
extended up to 1.5Hz. The drift of the baseline with 
respiration can be represented as a sinusoidal component at 
the frequency of respiration added to the ECG signal. 

C. Motion Artifacts  
Motion artifacts are transient (but not step) baseline 
changes caused by changes in the electrode-skin impedance 
with electrode motion. As this impedance changes, the 
ECG amplifier sees a different source impedance, which 
forms a voltage divider with the amplifier input impedance. 
The shape of the baseline disturbance caused by motion 
artifacts can be assumed to be a biphasic signal resembling 
one cycle of a sine wave with duration of 100-500ms and 
amplitude of peak-to-peak ECG amplitude. 
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Fig. 1.  Typical cardiac cycle and fiducial points   
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D. Muscle contraction (EMG) 
Muscle contractions cause another type of noise in ECG 
signal. The signals resulting from muscle contraction can be 
assumed to be transient bursts of zero-mean band-limited 
Gaussian noise. The frequency content of EMG noise can be in 
the range of dc to 10000Hz. However the energy of the noise 
for the frequencies smaller than 10Hz is less significant. 

A variety of algorithms have been proposed for the noise 
filtering of ECG signals. Considering different properties of 
noise sources, different algorithms are used for filtering of 
various type of ECG noise.  

 In this paper we present a new method for noise filtering 
of high resolution stress ECG. The proposed method is 
based on filter banks, which are perfect reconstruction and 
linear phase filter bank. In this method first the signal is 
decomposed to different frequency subbands. Then 
different processing algorithms are applied to different 
frequency subbands. The processing algorithms in the 
subbands are based on properties of the noise in the 
subbands and its energy. In other word our method 
combines different algorithms for filtering of different type 
of noise in filter bank, where different algorithm are 
applied to different subbands of the filter bank. In addition 
to proper results of this method which will be discussed 
later, the filter bank reduces the computation overhead of 
the algorithms too. Because the processing algorithms are 
applied after the downsampling and in the lower sampling 
frequencies. The processing algorithms are adaptive i.e. we 
first estimate the noise level of the ECG signal and based 
on the noise level, the parameters of the algorithms are 
selected. One of the benefits of filter bank is its capability 
of applying both frequency and time domain processing 
simultaneously. To apply time domain processes we need 
to extract fiducial points of ECG signal such as Q, R, S and 
J points. We have also introduced a new multi-resolution 
curvature scale space based method to extract these points.  

Following this section, we first review different methods 
for noise filtering of ECG signal. Then in section III 
fundamentals of perfect construction and liner phase filter 
banks are discussed. The proposed algorithms for noise 
removing of ECG signal and processing methods for 
different subbands of filter bank appear in section IV. The 
Section also presents the algorithms for extraction fiducial 
points. Experimental results are explained in section VI 
followed by a conclusion in section VII.  

II. REVIEW OF PREVIOUS WORKS 
In order to suppress the effects of various ECG noise, 
different algorithms have been presented.  Although some 
of these algorithms may suppress multiple sources of noise, 
different noise usually demands its own method for noise 
removing. This is because of different properties of the 
noise and its frequency content. For example EMG noise 
has higher frequency content; however baseline wander has 

lower frequency content. The amplitude of the various kind 
of ECG noise is also different. In this section we review the 
various methods for filtering of various ECG noise. Since 
our proposed method requires detecting fiducial points of 
the ECG signal several methods for extraction these points 
also presented.  

A. Suppressing Power Line Noise 
Power line interference (either 60 Hz or 50Hz) and its 
harmonics is one of the noise sources in ECG and 
biomedical signal recording. One method to eliminate the 
power line noise is the use of adaptive filters with an 
external reference [1], [2]. However it is often desirable, or 
necessary, to reduce power line interference when an 
external reference is not available.  Non adaptive notch 
filters using IIR or FIR filters [3], [4] are other methods of 
suppressing power line noise.  The main drawback of non 
adaptive notch filters especially in high resolution ECG is 
the ringing effect generated by these filters after QRS 
complex. 
Ahlstrom and Tompkins [5] reported on an adaptive power 
line filter with an internally generated reference. In [4] it is 
shown that, the adaptive filter with internally generated 
reference are equivalent to second order non adaptive IIR 
filter in some sense. However in [6], it is shown that, the 
most significant distortion of non adaptive notch filters 
which appears as ringing after the QRS complex are not 
observed in Ahlstrom and Tompkins adaptive filter. This is 
because of the incremental adaptation used in Ahlstrom and 
Tompkins adaptive filter which is not significantly affected 
by QRS complex. In this reference, it is also shown that 
Ahlstrom and Tompkins filter has less computation 
overhead and distortion comparing to non adaptive notch 
filter.  

B.  Removing Baseline Wander  
Baseline wander has lower frequency content. The 
suppressing of this type of noise is essential for ECG signal 
displaying and some algorithms such as ST segment 
measurement and P wave detection.  

Different methods have been proposed for removing 
baseline wander. Cubic spline [8], [9] is one of the methods 
used for filtering of the baseline drift. In this method first 
the fiducial point of the ECG signal is extracted and then 
using the isoelectric point at ECG signal the baseline drift 
of the ECG beats are estimated with a cubic spline and 
subtracted from ECG signal. The main drawback of cubic 
spline algorithms is that its efficiency is highly dependent 
to correct fiducial point extraction. 

Digital filters [10],[11], including FIR or linear phase 
IIR filters are other methods of suppressing baseline 
wander. These methods remove baseline wander by 
applying a narrowband high pass filter. The -3dB cutoff 
frequency of these filter may vary from 0.5Hz to 0.8Hz, 
however in stress ECG the cutoff frequency may also be 
greater. In [12] the cubic spline and digital filters are 
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compared with each other and it is shown that the digital 
filters have better performance. However it is important to 
note that when the cutoff frequency of high pass filter is 
greater than the first main frequency of the ECG signal the 
distortion of the digital filters is not negligible. This is 
because of pseudo periodic property of ECG signal. In [13] 
a time varying digital filter is used for the filtering of 
baseline wander, where the baseline of ECG signal is first 
estimated and the cutoff frequency is then selected base on 
noise estimation. Morphology based algorithms [15], [16], 
adaptive filters [17], Bionic wavelet transform [18] and the 
empirical mode decomposition [19] are other examples of 
baseline removing filters.  

C. Filtering EMG Noise and Motion Artifacts 
Similar to other source of noise, digital filters [20], [21] 

are useful method for noise filtering of EMG and motion 
artifacts. Digital low pass filters are usual for removing 
EMG noise. Digital filters are easy to implement and don't 
need the extraction of fiducial points. Another group of 
algorithms use signal overlapping to reduce different kind 
of noise especially EMG and motion artifact. Mean [22] 
and trimmed mean [23], median [24] and ordered average 
[25] filters are some of noise removing algorithm which are 
categorized in this group. These algorithms first extract the 
R points of the ECG signal and divide the signal into beats 
or epochs. Then by different operations on several 
consecutive beats, the noise free beats is calculated. This 
group of algorithm suffers mainly from two problems.  

1- The efficiency of the algorithm highly depends on the 
efficiency of R detection algorithm.  

2- Arrhythmias in ECG signal may be considered as 
outliers and may be replaced with normal beats especially 
in algorithms with ordered epochs.  

Adaptive filters with external reference [26] are other 
methods for suppressing of EMG. However the reference 
signal is seldom available and delayed version of ECG 
signal is sometime used as reference signal. Incremental 
composite [27] or adaptive filters with R point as reference 
are also used for filtering of ECG signal; however they 
highly distort the ECG signal in the case of arrhythmia. 

Morphology based filter [28],[29] and Source 
consistency filter [30] are other methods to suppress EMG 

noise. Source consistency filter uses the information of 
other leads to estimate noise free signal of a lead and 
utilizes it as a basis for filtering of the ECG signal. 
However it is implicitly assumed the other leads are noise 
free. Filter banks [23], [31] are also used for filtering of 
EMG and motion artifact. The main advantage of the filter 
bank is the simultaneously use of time frequency domain 
information.  

D. Fiducial Points Extraction 
As mentioned before, some noise removing algorithms 
need to extract fiducial points of ECG signal. The R point 
is the most important point of ECG signal which is used for 
signal overlapping and extraction of other fiducial point. 
Variety of algorithms [33]-[35] is used for the detection of 
this point. When the R point extracted other points such as 
Q and S points are extracted using slope detection and 
thresholding [36] or using other method such as neural 
networks [37],[38] or piecewise derivative dynamic time 
warping [39]. 

III. LINEAR PHASE FILTER BANK 
Digital Filter banks [40], [41] have been used to 

decompose a signal into frequency subbands. Then signals 
in subbands may be processed or coded individually. Such 
schemes are popular for encoding data from speech and 
image signals. The process of decomposing and eventual 
reconstruction is done by what is termed the "analysis-
synthesis" filter bank system shown in Fig. 2. In this figure 
Hi(z) are analysis filters and Fi(z) are synthesis filters. The 
boxes with M↓ denotes decimation or subsampling by M 

and M↑ denote expanders, which increase the sampling 
rate by M. The scheme of Fig. 2 is not proper for software 
implementation, because the analysis filters is first applied 
and then data are decimated. However for the data which 
are not selected by decimator, it is not necessary to apply 
analysis filters. This is true for synthesis part too. To 
remedy this problem, the scheme of Fig. 3 is used for 
implementation, which is termed polyphase implementation 
of filter banks, where E(z) and R(z) are polyphase matrixes 
corresponding to analysis and synthesis filters, 
respectively. These two schemes are equal and can be 

Fig. 2. A M channel uniform filter bank  Fig. 3. Polyphase implementation of M channel filter bank  
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converted to each other; however the computation 
overhead of the second scheme is less. 

When there are no process in the process boxes in Fig. 2 
or Fig. 3, the signals z(n) should be delayed version x(n), 
which is termed the perfect reconstruction property of the 
filter bank. One way to do this is to let )()( 1 zEzR −= , 

and then choose the matrix )(zE so that both matrices are 
FIR. Another approach to design perfect reconstruction 
system is to choose the matrix )(zE to be FIR 
"paraunitary" matrix. A matrix is said to be paraunitary if it 
satisfies the equation: 

IzEzE =)()(ˆ                 (1) 

where *)/1()(ˆ * zEzE = . The system can be guaranteed 
to have perfect reconstruction property by 

having: )(ˆ)( zEzR = .  
Our processing algorithms use both frequency and time 

domain information by locating fiducial point and 
considering their location in frequency subbands of filter 
bank. Therefore we need to design a filter bank which has 
linear phase property in addition to perfect reconstruction 
property. Different methods have been proposed for 
designing linear phase filter banks [40],[41]. The properties 
of linear phase paraunitary filter banks have been discussed 
in [41]. The method requires solving an optimization 
problem. We have implemented a MATLAB program to 
obtain filter bank coefficient using this method.  

IV. PROPOSED NOISE REMOVING ALGORITHM 

A. Outline Structure of the Algorithm 
Figure 4 shows the outline structure of the algorithms. 

As it is shown in this structure, we have considered the 
suppression of various ECG noise sources. The ECG signal 
concurrently enters into "R Detection" and "0.5Hz High 
Pass Filter" boxes. The purpose of "R Detection" box is the 
extraction of R point which is used for signal overlapping 
and other fiducial point extraction as well as subbands 
processing. Since the overlapping of the ECG signal and 
averaging can not remove the low varying parts of ECG 

noise, we have applied a 0.5Hz high pass filter to remove 
low varying noise of the ECG signal before overlapping it. 
The 0.5Hz high pass digital filter doesn't create significant 
distortion in ECG, because the first main frequency of 
pseudo periodic ECG signal for the heart rate of greater 
than 30/min is above 0.5Hz and the heart rate of less than 
30/min rarely occurs in stress ECG. Although power line 
filter can also be included in subbands processing of filter 
banks, we didn't include the power line filter in filter banks. 
This has two reasons: first we have used adaptive filter for 
this part, which has low computation overhead and the 
processing of the downsampled version of the ECG signal 
in filter bank doesn't bring significant speed benefit and 
second the output of overlapping algorithm would have 
little noise. 

The output of the power line filter and location of R 
points are used by overlapping algorithm to generate noise 
free version of the ECG signal. It is important to mention 
again that ECG overlapping algorithm such as mean or 
median or ordered average may distort the ECG signal in 
the case of arrhythmia; however we use the output of the 
overlapping algorithm for estimation of noise and selection 
of parameters. 

Using the location of R points, the output of power line 
filter and overlapped ECG signal, we extract the location of 
other fiducial points such as Q, S and J points. Then two 
linear phase and perfect reconstruction filter banks are used 
to decompose the overlapped signal and output of power 
line filter into subbands. Then using the location of fiducial 
points and the signals of subbands, different processing 
algorithms are applied to subbands signal. Finally the 
output signal is generated using a synthesis filter. Please 
note that, we need only one synthesis filter bank and the 
decomposed overlapped ECG signal is not necessary to be 
reconstructed again. The details of each algorithm are 
described in the following subsections.  

B. 0.5 Hz High Pass Filter 
We have used linear phase FIR filter to implement 0.5 

Hz high pass filter. The filter is implemented by subtracting 
the output of a low pass 0.5 Hz filter from the original 
signal after the compensation for the delay of the filter. The 
sampling rate of ECG signal is 1116Hz, therefore the direct 
implementation of the filter increases the computation 
overhead of the algorithm significantly. To remedy, the 
original signal is first filtered and down sampled to lower 
sampling rate and then 0.5Hz low pass filter is applied and 
the output is up sampled to original sampling rate again. 
This method significantly reduces the computation 
overhead of the algorithm.   

C. Power Line Filter 
The method of [5] is utilized for power line noise filtering. 
The method is an adaptive filter and the output of the filter 

 
Fig. 4. Outline structure of the proposed algorithm. 
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is calculated by subtracting the noise estimate e(n)  from 
signal x(n), where the noise estimate is calculated  using the 
following equations:  

)2()1()(
)602cos(2

−−−=
=

nenNene
TN π

         (2) 

where T is the sampling period of the ECG signal. The 
algorithm also corrects the estimation of the e(n) using the 
value of f(n) which is calculated using the following 
equation: 

[ ] [ ])1()1()()()( −−−−−= nenxnenxnf    (3) 
If f(n)<0, the present noise estimate , e(n), is increased by 
an increment d. If f(n)>0, the present noise estimate , e(n), 
is decreased by d. 

D. ECG Overlapping Algorithm 
For noise estimation of ECG signal and adjusting the 
parameters of the algorithms in subbands processing. We 
generate a noise free estimation of ECG signal using signal 
overlapping. As it is shown in Fig. 4, the output of the 
overlapping algorithm is decomposed using a filter bank 
and the noise level estimated for each subband separately. 
Since the overlapping algorithms are poor in removing low 
varying ECG noise, we first apply a 0.5Hz high pass filter 
and then overlapping algorithm is employed. To filter the 
ECG signal using overlapping algorithm, the ECG signal 
are divided into epochs or beats using the location of R 
points. We denote noisy epochs as: 

)]1(),...,1(),0([ −= Lxxx kkkkx       (4)  
where k is the epoch index and L is the length of the epoch. 
Our algorithm for overlapping the ECG signal and creating 
a noise free estimate of the ECG signal contains the 
following steps: 

• Constitute the set E containing the epoch I, which we 
are filtering it and the epochs in the neighborhood of 
it. 

  { }2/12/2/ ,...,, NININI ++−−= xxxE      (5) 
• Resample the epochs in the neighborhood to have the 

same length as epoch I. 
•  Sort the epochs in E 
  { }2/12/2/ ,...,,)( NININIEsort ++−− ′′′==′ xxxE  (6) 
     where  
    )(...)()( 2/12/2/ nxnxnx NININI ++−− ′≤≤′≤′     (7) 
• Discard bottomα percent and top α percent of sorted 

epochs. 

  
{ }

)(2/
)(2/

,...,, 1

NroundNIK
NroundNIJ

KJJ

×−+=
×+−=

′′′=′′ +

α
α

xxxE
       (8) 

• Calculate the output using Gaussian weighted 
averaging of epochs in E ′′ . 

  ∑
=

′
+−

=
K

Ji
iik nxw

JK
ny )(

1
1)(       (9) 

where wi are Gaussian coefficients. 

E. R Detection and Fiducial Points Extraction 
The overlapping algorithm needs to detect R points to 
divide ECG signal into epochs.  We need to extract the 
location Q, S and J points for subbands processing as well. 
We use the method of [36] to detect R points. However we 
applied some changes to this algorithm to enhance the 
efficiency of the algorithm in noisy ECG signal. These 
changes include the adaptively selection of the threshold, 
proper selection of search region and using QS region 
width to verify R points.  
When the R points are located, other fiducial points are 
extracted using the location of R points. We search 100ms 
before the R point for extraction of Q point and 100ms 
after R point for extraction of S point. The area after S 
point is also searched for J point. We used curvature scale 
space method for the extraction of these points. The 
curvature of two dimensional signals is given by : 

2/322 )),(),((
),(),(),(),(

),(
σσ

σσσσ
σκ

nYnX
nYnXnYnX

n
nn

nnnnnn

+
−

=  (10) 

It can be shown that in the case of one dimensional signal, 
the Eq. (10) is reduced to the following equation.  

2/32 )1),((
),(

),(
+

=
σ

σ
σκ

nX
nX

n
n

nn            (11) 

),()()),()((),( σσσ ngnxngnx
n

nX nn ⊗=⊗
∂
∂

=      (12) 

),()()),()((),(
2

2
σσσ ngnxngnx

n
nX nnnn ⊗=⊗

∂

∂
=   (13) 

where the ),( σnk denote curvature, ),( σng is a Gaussian 
function of width σ  and ⊗  represents one dimensional 
convolution. 
Our algorithms for extraction of different fiducial point are 
similar o each other and only the search area and the sign 
of curvature may be different. Our algorithm for extraction 
of fiducial points consists of the following steps: 

• Use the output signal of overlapping algorithm in Fig. 
4 and calculate curvature in search area using a high 
Gaussian width. 

• Find the location of extermum in the curvature. In the 
case of multiple extermums select the one which is the 
closest to previous estimates of the fiducial point. 

• Reduce the Gaussian width step by step and recalculate 
the curvature. Then correct the location of fiducial 
point by moving it toward the nearest extermum of the 
curvature. 

• Again use a high Gaussian width and recalculate the 
curvature for the output signal of the power line filter 
in Fig. 4. 

Administrator
Placed Image

www.SID.ir


Arc
hive

 of
 S

ID

www.SID.ir

ICBME2008 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 

• Correct the location of fiducial point using the 
curvature calculated in the previous step. 

•  Again reduce the Gaussian width step by step and 
recalculate the curvature for output of power line filter. 
Then correct the location of fiducial point by moving it 
toward the nearest extermum of the curvature. 

F. Subbands Processing 
We used 36 channel filter bank (M=36) for processing of 
ECG signal. The sampling frequency of ECG signal 
acquired using s stress test ECG equipment is 1116Hz. 
Therefore by decomposing the ECG signal using the filter 
bank, 36 subbands are created in frequency ranges of [0Hz-
15.5Hz], [15.5Hz-31Hz], ...., [542.5Hz-558Hz]. Please 
note that two filter banks is used to decompose both the 
ECG signal (output of power line filter) and the output of 
overlapping filter. We applied different processing 
algorithms to each subband of ECG signal which are as 
follows: 
• Subband 1([0Hz-15.5Hz]) 
This subband contains most energy of T and P waves. 
Baseline drift is the major noise in this subband, which its 
frequency content may be extended up to 1.5Hz in stress 
ECG tests. To remove baseline wander in this subband a 
time varying filter is used, which employs ten lowpass 
filters ranging from 0.6Hz to 1.5Hz with the steps of 0.1Hz. 
The output of one of these filters is used to remove baseline 
drift, by subtracting it from the original signal, which called 
current filter. However as mentioned before, digital filters 
with high -3dB frequency may remove first main frequency 
of pseudo periodic ECG signal. To remedy, the overlapped 
ECG signal in subband 1 is subtracted from the ECG signal 
of subband 1 and the resultant signal are fed to time 
varying filter. To determine the current filter in time 
varying filter, the output of current filter is subtracted form 
the output of 1.5Hz filter and then the averaging filter is 
applied to absolute value of the differences. Based on the 
value obtained the current filter is selected, which higher 
values implies moving to filters with higher -3dB 
frequency.  
• Subband 2([15.5Hz-31Hz]) 
QRS region including J point is not modified in this 
subband and non-QRS regions is attenuated by the factor of 
α, where α is calculated using the correlation of ECG 
signal and overlapped signal in each subband. We calculate 
α for each ECG signal individually and using the signal in 
the window centered on the signal position. 
• Subband 2 to 6([31Hz-96Hz]) 
Both QRS and non-QRS regions are attenuated by the 
factor of   kα , where α is calculated using correlation of 
the ECG and overlapped ECG signal as before and k is a 
attenuation factor of subbands. We use the values of k=0.8, 
0.6, 0.4, 0.2 for subbands of 3 to 6 respectively. 

G.  Remaining Subbands 
Since the ECG signal energy in these subbands are not 
significant we set the signals in these subbands to zero for 
stress ECG. However for special purposes and in the case 
rest ECG proper processing can be employed for these 
subbands as well. 

V. EXPERIMENTAL RESULTS 
We used 36 channel filter bank (M=36) for processing of 
ECG signal. We tested our algorithms with two sets of 
ECG data including ECG signals of MIT-BIH database and 
ECG data acquired using a 12 channel stress ECG 
monitoring hardware designed and developed in Teb Tasvir 
Medical Eng. Company. The sampling rate of ECG signal 
is 1116Hz. The MIT-BIH ECG signals also resampled at 
1116Hz. We used ten ECG traces with approximate 45 
minutes of monitoring time, for the evaluation of proposed 
algorithm. We achieved the correct R detection ratio of 
99.5% compared to 97.6% of original R detection 
algorithm [36]. We compared our Q and S point detection 
algorithm with the method of [37]. Tables 1 and 2 show the 
results of Q and S detection using method of [37] and the 
proposed method.  As it is shown in Table 1 and 2, the 
proposed algorithm has better result.   
We also compared the result of proposed noise filtering 
algorithm with other methods. To asses the efficiency of 
different algorithms, simulated noise is added to clean data 
and after applying the noise removing algorithm the SNR 
improvement, SNRi, in decibel is calculated according to: 

⎟⎟
⎟

⎠

⎞

⎜⎜
⎜

⎝

⎛

−
=

XX

X
SNRi

ˆ
log20           (10) 

TABLE I 
RESULTS OF Q DETECTION ALGORITHMS 

Recognition error (ms) Proposed method Method of [37] 

0 381 313 
2 128 94 
4 106 108 
6 86 148 
8 70 79 
More than 8 13 42 
Total 784 784 

TABLE II 
RESULTS OF S DETECTION ALGORITHMS 

Recognition error (ms) Proposed method Method of [37] 

0 412 341 
2 107 102 
4 97 105 
6 88 123 
8 63 84 
More than 8 17 29 
Total 784 784 
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where X is the vector of clean data and X̂  is the enhanced 
signal and X denotes the standard deviation of vector X. 
Higher SNRi shows the better performance of 
corresponding algorithm. To asses the distortion resulted 
from different algorithms, we also calculate the output of 
different algorithm to clean data and calculate the average 
root mean square difference as follow: 

L

iyix
RMSD

L

i

2

1
))()(( −

=
∑
=          (11) 

where x(i) are clean ECG data with length of L and y(i) are 
the output of algorithms for clean data. The small value 
RMSD represents that the corresponding algorithm create 
little distortion in ECG signal. Table III and IV compare 
the performance of various noise removing algorithms for 
different levels of EMG noise. As it is shown in these 
tables the proposed filter bank method has less distortion 
(RMSD) and higher SNRi.  
Figure 5 depicts the performance of proposed algorithm for 
canceling of baseline wander.  
The efficiency of proposed algorithm for removing power 
line noise is shown in Fig. 6. As it is obvious from this 
figure there is no ringing after QRS region and original 
signal completely has been recovered.   
The experimental results showed that the proposed 
algorithm is robust and can be employed in stress ECG 
monitoring equipments.   

VI. CONCLUSION 
In this paper we proposed new methods for noise 

canceling of ECG signal and fiducial points extraction as 
well. We used linear phase filter bank for noise 
suppressing, which different noise removing algorithms are 

applied to subbands of filter bank. Noise removing 
algorithms are adaptive and the parameters of algorithms 
are calculated by comparing noisy signal with overlapped 
signal in each subband. One of the advantages of the filter 
banks is the applying of time and frequency domain 
processing simultaneously. To use time domain 
information wee need to extract fiducial points of ECG 
signal. To extract fiducial points we used a new scale space 
curvature based algorithm. We applied the proposed 
algorithm to various ECG signal including MIT-BIH data 
base. We also employed the proposed algorithm for 
practical stress ECG monitoring using ECG hardware 
designed and implemented in Teb Tasvir Medical Eng. 
Company and several physicians approved the efficiency of 
the algorithms. The comparison of the method with those 
of other methods showed that more proper results could be 
obtained using the proposed methods.  
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