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ABSTRACT

Electrocardiogram (ECG) is one of the most common biological signals which play a significant role in the diagnosis of heart diseases.
One of the most important parts of ECG signal processing is interpretation of QRS complex and obtaining its characteristics. R wave
is one of the most important sections of this complex, which has an essential role in diagnosis of heart rhythm irregularities and also in
determining heart rate variability (HRV). This paper employs Hilbert and wavelet transforms as well as adaptive thresholding method
to investigate an optimal combination of these signal processing techniques for the detection of R peak. In the experimental sections
of this paper, the proposed algorithms are evaluated using both ECG signals from MIT-BIH database and synthetic data simulated in
MATLAB environment with different arrhythmias, artifacts, and noise levels. Finally, by using wavelet and Hilbert transforms as well as
by employing adaptive thresholding technique, an optimal combinational method for R peak detection namely WHAT is obtained that

outperforms other techniques quantitatively and qualitatively.
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INTRODUCTION

The electrocardiogram (ECG) signal is one of the most
important and well known biological signals used for
diagnosing people’s health. Detection of QRS complex is
one of the most important parts carried out in the ECG
signal analysis. QRS detection, especially detection of R
wave in heart signal, is easier than other portions of ECG
signal due to its structural form and high amplitude.

Till now, various methods have been reported by researchers
for detection of QRS complex!"* such as differentiation
methods,P! digital filters,®'% neural networks,'""3! filter
banks,'*'* hidden Markov models,"®'” genetic algorithm,8!
and maximum a posterior (MAP) estimator.">?% Baldal?!??
used differentiator operator for detection of QRS complex;
later this method was developed by Ahlstrom and
Tompkins.?! Friesen® and Tompkins®' also investigated
similar methods based on the sensitivity of QRS complex
to noise. Using ordinary filters is another class of methods
used for this purpose, but its high sensitivity to noise and
its incompatibility with frequency of input disorders cause
errors in the output of relative function?" In fact, most of
the presented methods have a fundamental problem known

as sensitivity to noise. Although, wavelet filters?! can be
proposed for solving this problem, however, the problem
of sensitivity to noise doesn’t solve in these systems
completely!"™ In this paper, we try to decrease the sensitivity
to noise by selecting an optimal combination among offered
techniques.

In addition to the proposed methods, experimental techniques
and averaging in signal decomposition?”? using partial
derivatives and wavelet transforms/?*** and also methods based
on neural networks??*'! have been proposed for the detection
of QRS complex and R wave. Methods based on experimental
techniques or differentiation usually have high sensitivity to
noise and methods based on neural networks are less used
because of complication of their designing and learning.

In another group of methods, Hilbert transform,**3¥ which
has the ability to distinguish between dominant peaks in
signal among other peaks, is able to improve the results of
detection of R wave. However, these methods may be failed
in ischemic cases and low-amplitude R wave diseases.

Generally, for detection of R wave in ECG signal, a thresholding
method is needed. In® Xu and Li have shown that using
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adaptive thresholding for automatic determining of threshold
provides suitable results for the detection of R wave peak.
After detection of R wave, the Q and S waves can be found
(for this work after detection of R wave, 160 msec before and
240 msec after this wave called Q and S waves).

This paper tries to benefit from the advantages of Hilbert
and wavelet transforms as well as adaptive thresholding
technique in order to approach an optimum combinational
method for R peak detection.

The paper is organized as four sections. In section two, after
a brief review on application of Hilbert transform, wavelet
transform, and adaptive thresholding for QRS complex and R
wave detection, the proposed methods in this paper based on
various combination of wavelet transform, Hilbert transform,
and adaptive thresholding are presented. On this base, after
presenting two initial algorithms by using adaptive threshold
in Hilbert domain (HAT method), and wavelet domain (WAT
method), we introduce two new methods namely WHAT and
HWAT algorithms. In section three, by using various signals
from MIT-BIH database as well as simulated ECG signal in
MATLAB environment, the presented algorithms in this paper
are analyzed in the light of sensitivity to noise. The main
purpose of this section is evaluating the presented algorithms
quantitatively and qualitatively by obtaining the robustness
of each algorithm against noise and introducing the optimal
method based on obtained results. Section four is dedicated
for conclusion based on obtained results in previous sections
and making some suggestions for future works.

PROPOSED METHOD

In this section, several methods obtained from various
combinations of Hilbert transform, wavelet transform, and
adaptive thresholding for R wave detection are presented. For
better evaluation of the introduced algorithms, they are tested
on three ECG signals selected from MIT-BIH database (which have
three different noise levels) and results relative to each algorithm
have been shown separately. Figure 1 shows general plot of
three selected signals from mentioned database. It should be
noted that in all sections of the paper (except in signal modeling
section), these three signals are used as reference signals.

Preprocessing: QRS Complex Detection by using
Differentiator Operator

In this section, we are going to make transiting points of
zero more evident by using differentiation technique, which
has been used as pre-processing part in the next sections.
The reason is distinguishing QRS complex pattern in order to
simplify next stages of processing. Functions employed in the
first and second order derivatives method in this section are
as follows.”"! In this stage, place of QRS complex is identified
by using the first and second order derivatives and then
windowing technique have been used in order to smooth
signal.

Yo(n) = [x(n)— x(n—2)] (1a)
¥4(n) = [x(n) = 2x(n—2) + x(n— 4)] (1b)
Y, (n) = 1.3Y,(n) +1.1Y,(n) (10)
Vi) =1/8Y Yy (n—k) (1d)

Initial Method 1: Combination of Hilbert
Transform and Adaptive Threshold

After pre-processing operation by using differentiator
operator, we employ Hilbert transformation and then
adaptive thresholding technique for the detection of
R wave. According to the block diagram shown in Figure 2,
the method introduced in this section is based on using
three general stages including: the first and second order
derivatives, Hilbert transform, and adaptive thresholding.

Hilbert Transform

Hilbert transform is one of the most important and common
transforms used for detection of QRS complex and R wave.
The usage of this transform has been discussed in many
papers.B*37 Hilbert transform of real function f{t) is defined as:

B0 =1 ro T = @

Hilbert transformation also can be defined as convolution
between functions and —1/mtt. Thus, by using definition of

Fourier transformation, F{f(t)} = J.+°° f(t)e ™ dw = F(jo),
we have: -

F{H{f(t)}} = jsgn(w)F(jw) 3)

where sgn is a sign function. In fact, because this transform
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is odd, zero-cross points in ECG signal are formed as
dominant peaks in output of this transform. This transform
also for a real sequence, extract a complex sequence with
the same length. After pre-processing operation described
in section 2.1, Hilbert transform is used for detection of
dominant peak points in signal. Figure 3 shows the results
of using Hilbert transform in introduced signals at the
outset of this section.

Adaptive Thresholding Technique

Adaptive threshold technique is one of the significant
parts carried out for the detection of R wave peak. Various
methods have been used for this purpose including works
by Shubsal® and Li.’! Using experimental algorithms, it is
observed that defining high values for threshold leads to
lack of proper detection and defining low values causes
incorrect detection of the peaks. In adaptive threshold
structure, detection is done by using a pair of threshold
limits named Up Limited Threshold (ULT) (eq. 4) and Down
Limited Threshold (DLT) (eq. 5). The proposed algorithm
works as follows:* If in each stage of threshold, the number
of detected peak by up and down limits is not equal, then
error component is defined and subtracted from the limits.
The mentioned threshold calculation procedure continues
till the two limits become equal and at the end the final
threshold limit is obtained.

TH

m+1

=TH -W A (4)

TH, =TH~-W,A o)

where TH,,, and TH_ ., are values of generalized threshold
limit, and THf and TH  are initial values of threshold limit;

A=|THm-THf| is the difference between the two defined

limits. The parameters W.and W _are factors of error weight
which in each stage has a different value with regard to the
number of incorrect detected peaks. The results of dominant
peak detection using mentioned adaptive thresholding
method can be seen in Figure 4. As it can be seen due to
the suitable ability of Hilbert transform in distinguishing
dominant peak, acceptable results are achieved.

Initial Method 2: Wavelet Transform and
Adaptive Threshold

General structure for this section is similar to the previous
section; main difference is using the wavelet transform
instead of Hilbert transform. In this section, after performing
pre-processing operation by differentiator operator, the main
signal is decomposed to several subbands by applying wavelet
transform (in this paper db4 is used) and then adaptive
thresholding is done on the reconstructed signal from
appropriate subbands. The main reason for using db4 wavelet
is similarity of its wavelet function to ECG signal. It should
be noted that based on intuitional results, ‘approximate 2’
[Figure 5] is used as a reference signal and threshold operation
is performed on this signal. The block diagram of operation
carried out in this section is illustrated in Figure 6.

Figure 5 shows the results of applying wavelet transform to
one of the reference ECG signals. After signal decomposition
by wavelet transform, R wave detection operation is
performed by applying adaptive threshold algorithm
(described in section 2.2.2) to ‘approximate 2’. Figure 7
shows the results of applying WAT for R peak detection. We
can observe that the results are similar to HAT method, but
these methods have some differences that are discussed in
ECG signal modeling section (section 3).
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Figure 3: The reference signals used in this experiment (a) and their Hilbert transform (b)
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Main Method 1: Combination of Hilbert
Transform, Wavelet Transform and Adaptive
Thresholding

In this method, similar to previous methods, differentiation
technique is used as a pre-processing stage and then
Hilbert transform, wavelet transform, and adaptive
thresholding methods are employed as main stages of
processing. In this section, at first, the Hilbert transform
of signal is calculated, then by using wavelet transform,
the produced signal is divided to several subbands
and ‘approximate 2’ is reconstructed, and finally the
adaptive thresholding is applied on this signal. The block
diagram of Hilbert Transform, Wavelet Transform and
Adaptive Thresholding (HWAT) method is illustrated in
Figure 8.
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Figure 5: The results of applying wavelet transform (db4) on one of the
reference ECG signals
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Figure 6: The block diagram of WAT method

The ability of Hilbert transform in distinguishing zero-
cross points in the form of positive peaks and also
wavelet transform in dividing signal components to
appropriate time-frequency components can provide
suitable information for R wave detection. Figure 9
shows the results of applying HWAT method for R peak
detection.

Main Method 2: Combination of Wavelet
Transform, Hilbert Transform and Adaptive
Thresholding

In this method, differentiation technique is used as a
pre-processing step and then wavelet transform, Hilbert
transform, and adaptive thresholding methods are
employed as main stages of processing. In this section,
at first, the wavelet transform divides the input signal to
several subbands and ‘approximate 2’ is reconstructed,
then Hilbert transform of ‘approximate 2’ is calculated and
finally R peak is detected by applying adaptive thresholding
method. The block diagram of Wavelet Transform, Hilbert
Transform and Adaptive Thresholding (WHAT) method is
shown in Figure 10.

This combination also has many similarities with
combination introduced in the previous section; however,
as we will show in the next section, the performance of
these two combinations against the noise is not identical.
Figure 11 shows the results of WHAT method for R peak
detection.

SIMULATION RESULTS USING
SYNTHESIZED ECG SIGNAL

In section 2, the initial methods and main methods proposed
in this paper were introduced and applied on several ECG
signals from MIT-BIH database. In this section, modeling
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Figure 7: The results of applying adaptive thresholding on ‘approximate 2’.
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Figure | I: The results of using WHAT method for R peak detection

of ECG signal is proposed in order to better determine the
sensitivity level of each method against the noise. For this
reason, ECG signal is modeled using Matlab software, then
by adding Gaussian noise with different levels of SNR (+5,0,-
5 db), the proposed methods in this paper are carried out
and compared together for R peak detection. The proposed
procedure in this section is similar to the previous section
and the only difference is the kind of proposed signal.
Figure 12 shows the simulated ECG signal used in this
section and Figure 13 illustrates noisy signals contaminated
with additive Gaussian noise with +5,0,—5 db SNR.

Figures 14-17 shows, respectively, the results of applying
HAT, WAT, HWAT and WHAT methods on simulated ECG
signal for the R peak detection in various levels of noise. As
it can be observed in figures, all algorithms have acceptable
performance for +5 and 0 db noises, but results related to
-5 db noises is different for each method. In this level of

Vol | | Issue2 | May-Aug 201 |

noise, HAT is not able to detect some R peak and several
superfluous peaks are observed in the output of WAT and
HWAT and only WHAT is able to detect R peak correctly.
These results are concluded in Table 1. The last column
in this Table shows the noise level of noise that proposed
algorithm is able to detect R peaks properly and the
algorithm will be failed in the case of adding noise higher
than this threshold. From these results, it’s clear that WHAT
algorithm outperforms the others and WAT and HWAT
methods are in the next.

CONCLUSION

The purpose of this paper was finding an optimal
combination of several introduced algorithms for R peak
detection in order to achieve better results, especially in
noisy environments. In this paper, we tried to introduce a
combinational method to decrease the sensitivity of R peak

Journal of Medical Signals & Sensors
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Figure 15: The results of employing WAT method on simulated ECG signal

method, after using differentiator operator as preprocessor,

Table |: A comparison between the abilities of proposed
‘approximate 2’ is reconstructed from the wavelet

methods, in this paper, for R peak detection

coefficients (that causes to preserve the appropriate time-

Methods +5db 0db -5db Threshold i

AT S % odb frequency components and discard the others) and then the
WAT v v Z . signal is transformed to Hilbert domain (in order to form
HWAT v v o 2db zero-cross points to dominant peaks). Meanwhile, in the
WHAT v v v _5db final stage, using adaptive thresholding technique leads to

V - Successes; o — Fails. The last column shows the threshold that adding noise higher
than results in unsuccessfulness of the proposed algorithm

detection procedure to noise. According to our results,
combination of wavelet transform, Hilbert transform,
and adaptive thresholding has a significant effect in the
detection of R wave and outperforms the others. In this

decreasing error of determining dominant peak for R peak
detection.

Note that using wavelet transform (and producing
‘approximate 2’) before Hilbert transform results in that
algorithm remove a portion of noise before forming
zero-cross points to dominant peaks. This procedure can be
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Figure 17: The results of employing WHAT method on simulated ECG signal

improved using transforms with better energy compactness
property such as complex wavelet transform.
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