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Abstract:

In this paper, a new method is proposed for QRS complex detection using a
special kind of IIR filter called bi-reciprocal lattice wave digital filter (WDF). This filter
has some attractive features that make it more efficient than other types of filters. One
of these features is its sufficient linear phase in the passband, thus yielding a perfect
reconstraction condition. Therefore, it is not required to cascade the designed filter with
an all-pass filter for correcting the phase distortion. The coefficients of the designed
filter are achieved by simulating the FIR response suggested in [1]. A least square
method solution is used in such simulation with a genetic-based algorithm. A simplified
structure for the designed filter is accomplished with less-complex realization. 50
records of European ST – T ECG database is classified into four classes (Normal, Left
Bundle Branch Block (LBBB), ST segment elevation, and Left Ventricular
Hypertrophy (LVH)). By applying the designed filter coefficients into neural network
classifier, the results show that the accuracy of the classification process is 95.9 %.

Keywords: QRS Complex Detection, IIR Filter, Bi-Reciprocal Lattice WDF, Genetic
Algorithm, Neural Network Classifier.
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الخلاصة:

یسمى IIRالمركبة باستخدام نوع خاص من مرشحات QRSفي ھذا البحث، تم إقتراح طریقة جدیدة لكشف إشارة 
bi-reciprocal latticeالمرشح الرقمي الموجي ثنائي التبادل ( WDF .( إن ّ زات الجذابة ھذا المرشح لدیھ بعض المی

ّ و.لمرشحات الأخرىمن أنواع اغیرهھ أكثر كفاءة من تالتي جعل كافیة في الالطوریزات ھي خطیةواحدة من ھذه الم
ً .بناء الإشارةإعادة فير، مما أسفر عن حالة الكمالالإمرانطاق  المصمم IIRتبع المرشحأن نُ وعلیھ فلیس مطلوبا

كلي لتصحیح تشویھ الطور. لقد تم الحصول على معاملات المرشح المصمم وذلك بمحاكاة الاستجابة بمرشح إمرار
وتم إستخدام طریقة المربعات الصغرى لحل مثل ھذه المحاكاة .]1المصدر [المقترح فيFIRالترددیة للمرشح 

ً. كما وبإعتماد الخوارزمیات الجینیة.  تسجلاً 50لقد إستخدام تم إنجاز ھیكل مبسط للمرشح صمم مع تحقیق أقل تعقیدا
)  LBBB(یسرلأالجانب اتلف (سلیم وھيالأوروبیة التي صنفت إلى أربعة أصنافST-T ECGقاعدة بیانات ل
المرشح المصمم الى شبكة المصنفمعاملات إدخالمن خلال )). LVHوتضخم البطین الأیسر (STرتفاع جزء إو
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Received: 22 – 4 - 2014 Accepted: 7 – 10 – 2015

mailto:drjssm@gmail.com
mailto:onsa90@yahoo.com


Al-Rafidain Engineering                 Vol. 23                  No. 4            August   2015

173

1. Introduction

ECG signal is usually used to check the electrical activity of the heart through number
of leads lies on the skin of the body. The normal ECG shown in Fig. 1 consists of a P wave, a
QRS complex, and a T wave. The QRS complex is often, but not always, includes three
separate waves: the Q wave, the R wave, and the S wave [1], [2]. P wave is generated by
electrical potentials appearance when the atria depolarizes before atrial contraction begins.
The QRS complex is a result of potentials generated when the ventricles depolarize before
contraction, i.e., when the depolarization wave spreads through the ventricles. Therefore, both
the P wave and the components of the QRS complex are depolarization waves. In addition,
when the ventricles recover from the state of depolarization, the T wave appears. This process
normally occurs in ventricular muscle within 0.25 to 0.35 second after depolarization, and the
T wave is known as a repolarization wave. Thus, ECG is composed of both depolarization
and repolarization waves [2].

Fig. 1 Normal ECG signal.

In this paper, a genetic-based IIR filter design is proposed for efficient QRS complex
detection with a neuro-based classifier. It is known that using IIR filters for QRS complex
detection has many advantages such as low filter order which reflects a simple filter structure,
excellent roll-off frequency characteristics for low orders, and efficient implementation on
FPGA chips.

In addition to this introductory section, there are other six sections in this paper.
Section 2 presents a related literature review. The bi-reciprocal lattice WDF design procedure
is described in section 3. Section 4 explains the ECG data used in this paper with the standard
normalization application on filter coefficients. Section 5 illustrates the trained neural network
to work as an ECG classifier. In section 6, the designed system is executed using Matlab
simulation. Finally, section 7 concludes this paper.

2. Literature Review

QRS complex detection researchers have been continued their development in the past
decade due to their vital importance in the automated ECG analysis. Many of those
researchers used FIR filters, filter banks or wavelet filtering to extract the features of the QRS
complex. Among many methods of ECG signal classification, researchers recently prefer to
utilize fuzzy classifiers [1], [3], neural network classifiers [4], [5] or even some extreme



Abdul-Jabbar: Genetic-Based IIR Filter Design for Efficient QRS Complex Detection--

174

learning machine [6]. Other researchers presented hybrid systems used as a diagnostic
classifier for the ECG signals; such as a neuro-fuzzy network [7], [8] and a combined method
of particle swarm with neural network [9].

In 2011, A. Pantelopoulos and N. Bourbakis [10], used wavelet with a 3 layer artificial
neural network to classify 46 MIT – BIH ECG database into 5 classes with accuracy 94.9 %.
Also in 2011, B. Abibullaev and  H. Don [4], presented a method for QRS complex detection
and ECG classification by the use of continuous wavelets and artificial neural networks. The
resulting average accuracy is in the order of is 97.2% but the tests were only conducted for
two categories of QRS complex classification (normal and abnormal). I. Saini et al. [11], used
in 2012 a K-Nearest Neighbor algorithm as classifier for QRS complex detection in ECG
signals. A CSE and MIT-BIH arrhythmia database was used to test this classifier. The results
show that the QRS complex detection accuracy rate is 99.81%. It should be noted that the
accuracy of this algorithm is largely dependent on the value of K and the type of distance
metric. In 2013, S. Khoshnoud, and H. Ebrahimnezhad [12], proposed an algorithm consists
of preprocessing block for noise elimination, multi-resolution wavelet for R-peak detection,
and probabilistic neural network to classify four kinds of MIT-BIH ECG database. The results
show that the accuracy is 92.9% and the sensitivity is 93.17%.

In 2014, J. M. Abdul-Jabbar and R. W. Hamad [1], designed an FIR filter bank with a
fuzzy classifier to classify the ECG data into five classes with efficient classification rate.
However, in that design, a small trained data is used. In 2015, a neuro-fuzzy classification
method is used for identifications of ECG signals [8]. A feature extraction method with a
QRS like filter is utilized. Five standard parameters (energy, mean value, standard deviation,
maximum and minimum) are extracted from these disease features and then used as inputs to
the neuro-fuzzy classification system. Again in 2015, K. Muthuvel and L. P. Suresh [13],
developed a technique to classify ECG signal using Haar wavelet for features extraction and
neural network classifier. An Artificial Bee Colony (ABC) combined with genetic algorithm
(GA) was used to train the neural network. The accuracy of that technique was 93%,
sensitivity was 90 % and specificity was 89% for the cross over rate of 0.8.

In this paper, the proposed classification system is composed of an IIR filter with
approximate linear phase (perfect reconstruction) for QRS-complex detection, a standard
normalization function to normalize the values of the filter coefficients, and a neural network
to classify the data into four classes.

3. Filter Design Procedure
It is possible to obtain a bi-reciprocal

lattice WDF with approximate linear phase
by letting one of the branches (z )
consist of pure delay ( ( )). As shown
in Fig. 2, the other branch ( ), of even
order 2N, is a general all-pass function in

[14].

From Fig. 2, the transfer function of a linear phase low pass bi-reciprocal lattice WDF is

H(z) =
( )( ) = [ ( ) + ( )] (1)

where R is the number of attenuation zeros. The frequency response of such filter is given by

( )( )
(z )

+ 1 2
(z ) =( )

Fig. 2 Bi-reciprocal lattice WDF block
diagram.
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H( ) = [ ( ) + ( ) ] (2)

where

( ) = ( )  (  ) (3)

where ( ) is the magnitude response of ( ). In the pass-band, the phase
response of ( ) branch  (2 ) must approximate the linear phase response of the
other branch (−(2 + 1) ) [15]; that is:

 (2 ) = −(2 + 1) (4)
In this work, the order (N) of

( ) is chosen to be 4. Two 2nd

order identical all-pass filter sections
are cascaded to minimize the
number of multipliers (see Fig. 3).
The order of delayer ( ) is 3,
therefore, R = 1. The transfer
function of the designed filter
described in Fig. 3 is

H(z)=
( )( ) = [ ( ) +

] (5)

where and are all-pass filter coefficients.

H( ) =
( )( ) = [ ( ) + ] (6)

The coefficients , , are determined by simulating the following transfer function of
the FIR filter in [1].( ) = 0.001275 + 0.146 + 0.7092 + 0.146 + 0.001275 (7)
Thus,

( ) = 0.001275 + 0.146 − + 0.7092 − 2 + 0.146 − 3 + 0.001275 − 4 (8)
Least square method solution is applied with the following error equation (here is assumed
to be equal 1)= ∑ [ − ( ) ] (9)

Equation (9) requires an optimization algorithm to minimize . This is accomplished
by the determination of the coefficients , that give minimum . Genetic algorithm (GA) is
used for that purpose. Using Matlab software, the proposed flowchart of Fig. 4 is used to
minimize in equation (9), and to determine the transfer function of the bi-reciprocal lattice
WDF.

In Fig. 4, the number of variables of the fitness function is selected to be 2 (only the
filter coefficients and as shown in equation (9)). Other options in the GA solver remain at
their default cases. The optimization process is terminated after 51 iterations because the
average change in the fitness value (FVC ) becomes less than options TolFun with an
accepted value and the results are as follows: = 0.08866 , = 0.45 and = 4.212.

( )
++

+ 1 2 ( )
++

Fig. 3 Designed bi-reciprocal lattice WDF with
approximate linear phase.
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Fig. 4 GA flowchart.

Now, the transfer function of the bi-reciprocal lattice WDF can be formulated as

H(z) = [ (
. .. . ) + ] (10)

A simplified form of equation (10) can be given by

H(z) = [ (
. . ) + ] (11)

Fig. 5 illustrates the frequency response of the resulting filter transfer function equation (11).

Fig. 5 Frequency response plot of equation (11).
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From Fig. 5, it can be seen that the phase response of the designed filter is almost
linear. Fig. 6 illustrates the phase difference (∆ɸ ) between the designed phase response and
the exact linear phase response in the pass-band region (till the cutoff frequency =

rad.). Error in phase of the designed filter is shown in Fig. 7 with maximum phase difference
of , ∆ɸ , = 0.6198 rad. and an average value of ∆ɸ , =0.1711 rad.

Polyphase structure is an efficient way to obtain a simplified filter structure for QRS-
complex detection by splitting the input signal into odd and even samples (i.e., decimating the
input samples by two) and reducing the order of each of the two filter branches ( and as
shown in Fig. 8) to half of its original value. This reduction can be achieved without any
effect on the phase response [16]. Therefore, equation (11) can be reduced after down
sampling to the following equation:

H(z) = [ (
. . ) + ]                                                                     (12)

Fig. 6 Linear VS approximate linear Fig. 7 Phase error variations in the
. phase responses. pass-band.

The number of samples of the output of the filter in Fig. 8 ( ( )) is half of its
corresponding number at the input ( ( )). Recall that the algorithm of Pan and Tompkins
[17], [18] used a differentiator as a step to pick the high frequencies out (i. e., to clarify
information about the QRS complex slope). An identical digitized analogy will be used in the
proposed system. So, to make the response of the filter structure shown in Fig. 8 similar to
QRS-complex shape of ECG signal, two differentiation stages are required; one at each
branch [1], [8]. Since all components in Fig. 8 are digital, therefore, two difference stages are
used instead of differentiators.

Fig. 8 A simplified structure of bi-reciprocal lattice WDF.
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4. ECG Database and Standard Normalization method
For the sake of training, 50 (1300 sample and 2-leads) recordings of European ST – T

ECG database, sampled at 250 Hz, are selected from PhysioBank database [19] to be
classified into four classes: Normal, LBBB, ST. segment elevation, and LVH. These ECG
signals will pass through the designed filter to extract their QRS-complex coefficients. These
coefficients contain +ve and –ve values, therefore, standard normalization is used to fit their
values into the range of (0–1). Data normalization is important because it reduces the number
of epochs considerably if there are outlier input vectors inserted to neural network classifier.
Standard normalization equation used in this work is( ) = ( )

(13)

Fig. 9 shows the signal ( ) before and after standard normalization.

Fig. 9 Standard normalization process.

5. Neural Network Classifier

After ECG data is filtered and QRS-complex coefficients are normalized, the last
stage of the classification process will utilize a neural network as a classifier. Creating,
training, and simulating of the neural network are achieved by using Neural Network Toolbox
in Matlab which includes nprtool command line function which is applied to open neural
network pattern-recognition GUI using a two-layer (hidden layer and output layer) feed-
forward network with tan-sigmoid output neurons. Fig. 10 illustrates the trained neural
network to classify the prescribed ECG data in this paper.

Fig. 10 Trained Neural network.
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6. Matlab Simulation Results of The Overall Designed System

Using Matlab simulation, the overall designed system of Fig. 11 is simulated and the
output is one of four pre-mentioned ECG data classes.

Fig. 11 The designed system on Matlab software.

To briefly explain the operation of Fig. 11, it is divided into three stages:
1) Stage 1 (Modified structure of the designed bi-reciprocal lattice WDF):

Each of the used ECG signals which contain 1300 samples will be applied to the
designed IIR filter to detect its QRS-complexes. As shown in Fig. 11, the components
of stage 1 are:

 A down sampler to alter the sampling rate and to divide the order of the all-pass
filters and the delay by 2 [16], [20]. This makes the design more simpler. In equation
(12), it can be seen that after using down-sampling the orders of all-pass sections
became 1, and is now i.e., two registers are needed for that branch without
taking the difference step into consideration (see Fig. 11).

 A forward difference unit is to achieve a band-pass filter response similar to the QRS
complex shape as in [1].

 Other components are the same components of bi-reciprocal lattice WDF (see Fig. 3).
2) Stage 2, which includes a delayer to delay the sample by 650 (half of 1300 because the

first stage includes a down sampler) and to make all output coefficients be available at
the input of the standard normalization step.

3) The last stage (3) or trained neural network classifier which accepts 651 samples and
outputs the code of one of the categories: Normal, LBBB, ST. segment elevation, and
LVH.

The average accuracy of the classification process turns to be 95.9% as shown in Table I.
The accuracy values in Table I is defined based on the following equation:

Accuracy % = (14)

Stage 2
Stage 3Stage 1
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Table I   Classification results from neural network classifier.

Class
Phase

Normal LBBB ST elevation LVH Total

Training 100% 100% 100% 93.9% 97.7%
Validation 83.3% 100% 100% 100% 94.4%

Test 75% 100% 100% 83.3% 89.9%
Average 95.9%

By Matlab simulation of Fig. 11, the shape of the input wave (the record e0103 which is one
of the used 50 records of  the European ST – T ECG database) is shown in the Fig. 12, while
the corresponding QRS-complex wave is shown in Fig. 13.

Fig. 12 Record e0103 input signal.

.
Fig. 13 Coefficients of QRS-complexes of record e0103.
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7. Conclusions

In this paper, an ECG detection system which is composed of a bi-reciprocal lattice
WDF, a standard normalization function, and a neural network classifier has been proposed.
The designed filter has been able to detect QRS complex from different ECG signals with
acceptable frequency response (approximately linear phase response and sharped roll-off
magnitude response). That has reduced the noise in the QRS-complexes detection. Only two
multiplier values have been used to implement the transfer function of the IIR filter. This may
reflect the simplicity of the designed filter. Therefore, it can easily be implemented on an
FPGA kit. Neural network classifier with two layers and 4 neurons in each, has been
suggested. A resulting classification accuracy of 95.9% has been achieved. It is expected that
the accuracy can be increased if more ECG data is used for training and testing the classifier.
After that introducing more kinds of ECG arrhythmia can also be involved.

Acknowledgment

The authors would like to acknowledge the efforts of Dr. Khaldoon Thanoon Al-Abachi -
Head of Medical Dept.- College of Medicine- University of Mosul in investigation of
different categories of ECG signals.

References
[1] J. M. Abdul-Jabbar and R. W. Hamad, " Fuzzy Classification of ECG Signals using A
QRS-Like FIR Filter Bank with Lattice Structures ", Al-Rafidain Engineering Journal,
Vol. 22, No. 2, pp. 1-12, 2014.
[2] A. C. Guyton and J. E. Hall, "Text Book of Medical Physiology", Elsevier Inc., pp. 123-
124, 2006.
[3] U. Qidwai and M. Shakir, " Embedded System Design with Filter Bank and Fuzzy
Classification Approach to Critical Cardiac Abnormalities Detection ", IEEE Symposium
on Industrial Electronics and applications (ISIEA2012), Indonesia, PP. 361-366, 2012.
[4] B. Abibullaev and H. Don, " A New QRS Detection Method Using Wavelets and
Artificial Neural Networks", Springer Science + Business Media, 2010.
[5] J. Yao, Q. Gan, X. Zhang, and J. Li, " Pruning Algorithm in Wavelet Neural Network
for ECG Signal Classification" , Proceeding of the 20th Annual International Conference of
the IEEE Engineering in Medicine and Biology Society, Vol. 20, No. 3, pp. 1482-1485, 1998.
[6] S. Karpagachelvi, M. Arthanari, and M. Sivakumar, " Classification of ECG Signals
Using Extreme Learning Machine " , Computer and Information Science , Vol. 4, No. 1, pp.
42-52, 2011.
[7] M. Engin, "ECG Beat Classification Using Neuro-Fuzzy Network", Pattern
Recognition Letters, Vol. 25, pp. 1715-1722, 2004.
[8] J. M. Abdul-Jabbar, S. N. M. Al-Faydi,  and H. N. Yahya, " Neuro-Fuzzy Based ECG
Signal Classification with A Gaussian Derivative Filter, Al-Rafidain Engineering Journal,
Vol. 23, No. 2, pp. 62-75,  2015.
[9] M. Korürek and B. Doğan, " ECG Beat Classification Using Particle Swarm
Optimization and Radial Basis Function Neural Network ", Expert Systems with
Applications, Vol. 37, pp. 7563-7569, 2010.
[10] A. Pantelopoulos and N. Bourbakis, " ECG Beat Classification Using Optimal
Projections in Over complete Dictionaries ", 23rd IEEE International Conference on Tools
with Artificial Intelligence, pp. 1099-1105, 2011.



Abdul-Jabbar: Genetic-Based IIR Filter Design for Efficient QRS Complex Detection--

182

[11] I. Saini, D. Singh, and A. Khosla, " QRS detection using K-Nearest Neighbor
algorithm (KNN) and evaluation on standard ECG databases ", Journal of Advanced
Research, Cairo, Vol. 4, pp. 331-344,  2012.
[12] S. Khoshnoud, and H. Ebrahimnezhad, " Classification of Arrhythmias Using Linear
Predictive Coefficients and Probabilistic Neural Network ", Applied Medical Informatics,
Vol. 33, No. 3, pp. 55 – 62, 2013.
[13] K. Muthuvel and L. P. Suresh, "An Ann Based Intelligent System with ABC-GA
Optimization for the Classification of ECG Signals", Australian Journal of Basic and
Applied Sciences, Vol.9, No.16, pp. 396-401, 2015.
[14] J.  M. Abdul-Jabbar, " An Analytical Design Procedure for Bireciprocal Lattice Wave
Digital Filters with Approximate Linear Phase", Al-Rafidain Engineering Journal, Vol.17,
No.6, pp. 42-52, 2009.
[15]  J.  M. Abdul-Jabbar, "A Simple Analytic Design Procedure for Lattice Wave Digital
Filters with Approximate Linear Phase", Basrah Journal for Engineering Science, Vol.11,
No.1, pp. 123-134, 2011.
[16] J. M. Abdul-Jabbar and  S. N. M. Al-Faydi , " Design and Realization of Bireciprocal
Lattice Wave Discrete Wavelet Filter Banks", Al-Rafidain Engineering Journal, Vol.20,
No.1, pp. 1-14, Feb. 2012 .
[17] J. Pan, and W. J. Tompkins, " A Real-Time QRS Detection Algorithm ", IEEE
Transactions on Biomedical Engineering, Vol. BME-32, No. 3, pp. 230-236, 1985.
[18] I. S. SIVA RAO et al, " QRS Detection of ECG - A Statistical Analysis", ICTACT
Journal on Communication Technology, Vol.6,  No.1, pp. 1080-1083, Mar. 2015.
[19] PhysioBank Archive Index, available online: http://physionet.org/physiobank/database/.
[20] J. M. Abdul-Jabbar, and R. W. Hamad, " Allpass-Based Design, Multiplierless
Realization and implementation of IIR Wavelet Filter Banks with approximate linear
phase", 2011 Fourth International Symposium on Innovation in Information &
Communication Technology (ISIICT), Nov. 29 2011-Dec. 1 2011, Amman, pp. 118 – 123,
2011.

The work was carried out at the college of Engineering. University of Mosul

http://physionet.org/physiobank/database/

