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Abstract 
Significant features of the ECG signal include the P wave, the QRS complex, and 

the T wave. This paper focuses on the detection of the QRS complex. A 1
st
 order 

Gaussian derivative function has a similar shape to QRS complex part of the ECG.  In 

this paper, an FIR filter bank is efficiently designed with lattice structures for QRS 

features extraction, using Gaussian function with standard deviation value      . 

ECG features are taken after three-level decompositions of the proposed filter bank.  

Significant energy values of the filter bank output coefficients are calculated and 

treated as crucial points for identification of the diseases/disorders in the ECG signal. 

Such values are used for the design of a rule-based fuzzy classifier.  

Keywords: ECG signal, QRS complex, 1st order Gaussian derivative function, FIR filter 

bank, lattice structures, fuzzy classifier. 
  

إستجابة ذو   FIRللإشارات تخطيط القلب باستخدام جرف مرشح المضببالتصنيف 

 وبهياكل متشابكة QRSمشابهة لـشكل 

 
 رشا وليد حمد       محمد عبد الجبار جاسمد. 

 .العراق -موصلال- جامعة الموصل -كلية الهندسة- قسم هندسة الحاسوب

 

 الخلاصة
 يركز هذا البحث على الكشف عن  T .وموجة، QRS ، عقدةP تشمل موجة ECG السمات الهامة للإشارة

، تم تصميم اجراف مرشحات من نوع . في هذا البحثQRS ـدالة كاوس تمتلك شكل مشابه ل مشتقة .QRS بةيركت

FIR   سمات هياكل متشابكة لاستخلاص معQRS وذلك باستخدام دالة كاوس بقيمة الانحراف المعياري ،σ = 4.5 .

اخذت بعد ثلاثة مستويات من التحليل. وتم حساب قيم الطاقة لمعاملات الاخراج لجرف المرشح و تم  ECGسمات 

إستخدامها لتصميم قواعد المصنف . تلك القيم تم ECGاتخاذها نقطة حاسمة لتحديد الأمراض/ الاضطرابات في إشارة 

 المضبب.
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1- Introduction 
The Electrocardiogram (ECG) is a vital sign signal for heart functional investigation. 

This electric signal is generated from human heart to create the cardiac cycle, which generates 

the blood circulation. It is composed of three basic components, named P wave, QRS complex 

and T wave as shown with their intervals  in Figure 1. P wave is generated during atrium 

depolarization. After that, QRS complex is generated during ventricular depolarization and T 

wave is generated when ventricle recovery occurs. 

 

 

 

 

 

 

 

 

 

 

Fig.(1): Definition of waves, segments and intervals in the normal ECG waveform, 

[1].  
 

This ECG is used clinically in diagnosing various abnormalities and conditions 

associated with the heart. The R-R interval is the distance between two subsequent QRS 

complexes and represents the heart rate (HR). Normal HR is between 60 to 100 beats per 

minute (bpm). A high HR means the possibility of tachycardia, and a low HR indicates sinus 

bradycardia dieses. [1]. So one of the most relevant tasks in automatic ECG analysis is the 

detection and characterization of every wave, particularly of the QRS complex, after which a 

more complete analysis can be obtained. Therefore, choosing the QRS detection algorithm is 

an essential step in the development of a real-time ECG analysis system [2].  

Some quantitative performance comparisons of QRS detectors are presented in the 

literature [3], [4]. These evaluations are usually performed on a set of records extracted from 

standard ECG databases (such as the MIT-BIH, CSE, AHA,…) and are based on detection 

scores, generally expressed as sensitivity-specificity pairs. An average score, calculated over a 

set of different records, is assumed to reflect the overall performance of the detectors. A 

limitation of this method is that an ECG is composed of multiple noise levels and types, and a 

variety of beat morphologies. 

In 2011, R. Harikumar and  S.N. Shivappriya [5] investigated and compared a set of 

efficient techniques to extract and select striking features from the ECG data applicable in 

automatic cardiac beat classification. Each technique was applied to a pre-selected data 

segment from the MIT-BIH database. The classification and optimization of different heart 

beat methods were performed based upon the extracted features (morphological and statistical 

features). The morphological features were found as the most important for arrhythmia 

classification. However, because of ECG signal variability in different patients, the statistical 

approach is favoured for a precise and robust feature extraction. Among all those feature 

extraction, feature selection, classification and optimization techniques, SVM based PSO gave 

the higher classification accuracy with curse of dimensionality. 

G. Jaswal, et al. [6] in  2012, used  the Discrete Wavelet Transform (DWT) to detect 

QRS complex, and founded that, the DWT approach is the better and more accurate than the 

other common methods when evaluated on MIT/BIH ECG database. 
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In this paper, a system for  classification of the ECG signals is proposed. It consists of 

the following four main stages: (i) a preprocessing stage for preparation; (ii) a stage analyzing 

the ECG signals using a QRS-like response FIR filter bank; (iii) a stage for feature selections 

and calculations; (iv) a stage for classifying cardiac diseases using a Fuzzy Inference System 

(FIS). 

The rest of this paper is organized as follows: Section 2 explains the principles of ECG 

signal for some selected disease cases. The proposed system for the classification of ECG 
signals is presented in section 3 with the description of different stages. FIR filter efficient 

design method with its resulting significant coefficients and rules of the proposed FIS based 

classifier with the resulting accurate disease diagnosis are also illustrated in this section. 

Finally, section 4 concludes this paper. 

 

2- Principles of ECG Signal 
In the above section, properties of normal ECG signal is exhibited. This section presents 

ECG signals for the different disease cases adopted for this paper with the presentation of the 

healthy one. Such disease cases are shown in Figure 2 and described in the followings [7]: 

 

a. Left ventricular hypertrophy (LVH) 

LVH is the thickening of the myocardium (muscle) of the left ventricle of the heart [8]. 

ECG abnormalities that may be observed in patients with LVH are   

 Increased QRS voltage . 

 Secondary changes of the ST segment and/or T waves 

 Left axis deviation (LAD): the electrical axis will tend to deviate to the left.  

 Broadened QRS complex (more than 90 msec). 

 ST segment depression and T wave inversion in the lateral leads [9]. 

 

b. Hyperkalemia                                                                                                                 

Hyperkalemia refers to the increase in the level of potassium in the blood. This case can 

be detected in the shape of ECG signal by the tall T wave and by flatting or absent P wave 

[10]. 
 

c. Pacemaker                                                                                                                        

The pacemaker is responsible for generating initial beat. Therefore, any problem in the 

pacemaker  will make the P wave disappear [10].  

 

d. Ischaemic  
Ischaemic heart disease (IHD), or myocardial ischaemia is a disease characterized 

by ischaemia (reduced blood supply) of the heart muscle, usually due to coronary artery 

disease (atherosclerosis of the coronary arteries) [11]. ECG abnormalities that may be observed 

in patients with ischaemia are                                                                                                                 

 ST depression 

 T wave inversion 

 occasionally tall pointed T waves [12]. 

 

 

 

 

http://en.wikipedia.org/wiki/Myocardium
http://en.wikipedia.org/wiki/Left_ventricle
http://en.wikipedia.org/wiki/Heart
https://en.wikipedia.org/wiki/Ischemia
https://en.wikipedia.org/wiki/Myocardium
https://en.wikipedia.org/wiki/Coronary_artery_disease
https://en.wikipedia.org/wiki/Coronary_artery_disease
https://en.wikipedia.org/wiki/Atherosclerosis
https://en.wikipedia.org/wiki/Coronary_artery
https://en.wikipedia.org/wiki/Ischemia
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Fig. (2):  ECG signal of  a (a) healthy person (b) Left ventricular hypertrophy (LVH) 

(c) Hyperkalemia (d) Pacemaker with problem (e) Ischaemic. 

 

1. The Proposed System 
Block diagram of different stages of the system presented in this paper for classification 

of the ECG signals is shown in Figure 3. The main stages of such system is described in the 

following sub-sections. It should be noted that the preprocessing stage involves some 

amplitude and time scaling of the original ECG signal in addition to a proper sampling frame. 

 

 

 

 

 

 

 
 

 

 

Fig. (3):  Block diagram of the proposed classifier. 
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1.1  FIR filter bank  
In addition to the P, QRS & T waves in ECG signal, information related to cardiac 

diseases may also exist and can be extracted from the intervals and amplitudes of these 

waves. This paper proposes a system for detecting the QRS complex part. The first step of 

this system separates the ECG input signal into multiple coefficients using FIR filter bank. A 

QRS-like shape FIR filter bank is designed in order to extract as much information related to 

different cardiac diseases in QRS wave as possible. The 1
st
 order Gaussian derivative 

function has a similar shape to QRS complex part of the ECG and thus, can accurately  

utilized  in the design of such filter bank for QRS feature extraction. Gaussian time function 

is defined by 

 (   )  
 

 √  
 

 (
(   ) 

   )
                                                                                                           ( ) 

where  ( ) is the Gaussian function in terms of the time t,   is the standard deviation 

and m is the center of the wave (see Figure 4). The 1
st
 order Gaussian derivative function as 

in Figure 5 is defined by 

  (   )  
   

  √  
 

 (
(   ) 

   )
                                                                                                        ( ) 

 

                      

 

 

 

 

 

Fig. (4):  The Gaussian function. 

 

 

 

 

 

 

 

Fig. (5): The 1
st
 derivative Gaussian function. 

 

The 1
st
 order derivative Gaussian system can be modeled using a Gaussian system 

convolution stage with a pre-differentiating stage of input signal x(n) as shown in Figure 6 

[13]. 

 

 

 

 
 

  Fig. (6):  A 1st order derivative Gaussian system model  

(using Gaussian function and a derivative stage). 

 

The design of the corresponding digital FIR filter is accomplished by the determination 

of the values of such filter coefficients simulating the 1
st
 order Gaussian derivative. To 

y(n) 
Gaussian Convolution 

Stage 
x(n) 
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determine the values of these coefficients, the value of the standard deviation σ must first be 

assigned. The selected value of  the standard deviation is       , which is suitable to 

approximate the magnitude response of the designed FIR low-pass filter as a half band linear 

phase filter of the type shown in Figure 7. The corresponding impulse response for designed 

FIR low-pass filter is shown in Figure 8. 

 

 

 

 

 

 

 

 

 

 

Fig. (7): Magnitude response for designed filter. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 8  Impulse response for designed filter. 

 

From Figure 8, the filter impulse response contains 37 coefficients. The transfer 

function of filter is given by the following equation 

   ( )           
      

       
           

        
          

                ( ) 
 

The coefficients values are given inTable1. 

 

Table (1):  The coefficients values of the designed filter. 

Coefficient The value Coefficient The value 
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From Table 1, it can be seen that most of the filter coefficients are of very small values 

and can thus be neglected. The designed filter length will be truncated to 5 coefficients only. 

The resulting transfer function is 

      ( )          
         

        
         

        
                                         ( ) 

Multiplying (4) by      , another final causal truncated low-pass filter function with less 

delay can be rewritten as  

      ( )              
       

        
       

                                                         ( ) 

The magnitude response of this final designed filter with the causal truncated transfer 

function is shown in Figure 9. 

 

 

 

 

 

 

 

 

 

 

 

Fig. (9):  Magnitude response for designed filter with the truncated transfer function. 

 

By the property of quadrature mirror filters (QMFs), G(z) = H(-z), the high–pass 

system function G(z) can be written as 

 ( )           
       

        
       

                                                  ( ) 
 

The filter bank polyphase representations are expressed as 

          (  )  
          

        
                                                                                                  ( ) 

and 
    (  )     

      
                                                                                                     ( ) 

 

When a pre-down sampling (by 2) stage is introduced before each of the two filter bank 

branches, the even and odd transfer functions [      (  ) and     (  ), in equations (7) and 

(8), respectively] can be rewritten in terms of z, as 

 

     ( )           
        

                                                                           ( ) 
and 
     ( )           

                                                                                                (  ) 
 

The low-pass transfer function in (5) and high-pass one in (6) can then be reduced, 

respectively to 

 ( )       ( )         ( )                                                                                 (  ) 
and 

 ( )       ( )         ( )                                                                                 (  ) 
 

The lattice structure for the designed final FIR filter bank is shown in Figure 10. 
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Fig. (10):  Lattice structure of designed FIR  filter bank. 

 
  

1.2  Feature selection 
The energy distributions for  8 signals obtained from the 3-level decompositions of the 

designed filter bank (LLL, LLH, LHL, LHH, HLL, HLH, HHL, HHH) are shown in Figure 

11 for different disease classes. The statistical variance values are calculated for all energy 

values and then used as inputs to the FIS stage. These variance values shown in Figure 12.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (11): Waveforms of various energy values for each class; (a) healthy person  

(b) LVH (c) Hyperkalemia (d) Pacemaker with problem (e) Ischaemic. 

 

  
Fig. (12)  Variances of energy values for different disease cases. 
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1.3  Fuzzy inference system based diagnosis 
In this sub-section, a fuzzy logic for the diagnosis of the cardiac diseases is introduced. 

A Fuzzy Inference System (FIS) is developed in this paper using the Fuzzy Logic Toolbox 

graphical user interface (GUI) [14]. Such FIS is shown in Figure 13, and is composed of the 

followings:  
 

 
Fig. (13)  The FIS structure for the ECG classifier. 

 

 Four input membership descriptors representing the feature space; F1, F2, F3, and F4, 

indicating only the significant variance values for LHL, LHH, LLL, and HHH signals, 

respectively. Each of these inputs has five cases (“very_low”, “low, “medium”, “high”, and 

“very_high”), as shown in Figure 14. 

 

 

 

 

 

 

 

 

 

 

 

 

 
         

 

 

 

Fig. (14):  Input membership functions; (a) F1, (b) F2, (c) F3, and (d) F4. 

 Five output membership descriptors for the diseased cases ( Healthy, LVH, Hyperkalemia, 

Pacemaker with problem, and  Ischaemic), and have three cases (“Un-likely”, “Likely”, and 

“Highly-likely”). The output membership function for the class “Healthy” shown in Figure 

15. Other classes are also carry the same in structures. 

 

(a) (b) 

(c) (d) 
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Fig. (15):  Healthy membership functions. 

 

 A set of 6 rules for the diagnosis of the cardiac diseases can be constructed as shown 

in Table 2. Based on the intersection percentages, the values are allocated and a total 

decision boundary (surface) is calculated whose center is the De-fuzzified output for 

the system.  

Table (2):  Rule base of ECG classifier. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (16):  Surfaces for (a) Healthy, between “F3” and “F2”(b) LVH,  

between “F3” and “F1” (c) Hyperkalemia, between “F3” and “F2” (d) Pacemaker,  

between “F3” and “F4”, and (e) Ischaemic, between “F3” and “F4”. 

 

 

 

Rules 
F1 F2 F3 F4 Healthy LVH 

Hyperkale

mia 

Pacemaker 

with problem 
Ischaemic 

1 _ _ 
very 

low 

very 

low 
Un-likely 

Un-

likely 
Un-likely Highly-likely Un-likely 

2 _ _ low low Un-likely 
Un-

likely 
Un-likely Un-likely Highly-likely 

3 high high medium _ 
Highly-

likely 

Un-

likely 
Un-likely Un-likely Un-likely 

4 very high very high high high Un-likely 
Highly

-likely 
Un-likely Un-likely Un-likely 

5 medium medium 
very 

high 

very 

high 
Un-likely 

Un-

likely 

Highly-

likely 
Un-likely Un-likely 

6 medium medium medium 
mediu

m 
Likely 

Un-

likely 
Likely Un-likely Un-likely 

(a) (c) (b) 

(d) 
(e) 
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The resulting surfaces are multidimensional and cannot be exposed as one hyper surface. 

However, some subclass surfaces can be plotted and are shown in Figure 16. The classified 

results are shown in Table 3. These results indicate  almost 100% accurate detections for the 

five tested diseased cases. Other cases can be likewise incorporated in the rule base and 

later into the whole classification system. 

 

Table (3):  Results of the ECG classifier. 

 
 

4. Conclusions 
In this paper, a less-complex FIR filter bank has been efficiently designed using lattice 

structures for QRS features extraction. A 1
st
 order Gaussian derivative function which 

simulates the shape of the QRS complex part of the ECG signal has been utilized in such 

design. ECG features have been taken after three-level decompositions of the proposed filter 

bank. Significant energy values of the filter bank output coefficients have been calculated for 

five different tested disease cases. Such values are treated as crucial points for the design of a 

rule-based fuzzy classifier. Almost 100% accurate detections for the five tested diseased 

cases have been obtained. 
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