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Abstract: Cardiomyopathy is one of the heart diseases that 

cause chamber damages. The impact of heart disease ends up in 
unforeseen fall with light-headedness. IoT plays an important role 
in human healthcare systems. Through IoT, it's terribly simple to 
watch the health condition of the heart disease patient by detection 
the abnormality within the electrocardiogram signal generated by 
IoT sensors. The varied ECG signals represent the severity of the 
heart disease and every graphical record signal has distinctive 
patterns. This paper describes the recognition of cardiomyopathy 
disease based on local robust gradient patterns technique LBP 
operator is one of the foremost powerful techniques to recognize 
the patterns within the ECG graph signals. But it's highly sensitive 
to noise and little fluctuations. To beat these limitations LTP and 
its derivatives are applied. LTP operator removes the noise by 
dividing the signals into 3 regions.  It doesn’t provide fruitful 

results if the signal has an additional range of peaks and valleys. 
Merely it replaces peaks by the valley and vice-versa. RLTP 
technique is appropriate to beat this limitation by finding the 
minimum value of LTP and its complement value. However, it 
fails for little fluctuation in the signals. To enhance the 
recognition rate of little fluctuation graphical record signals the 
discriminant robust local ternary pattern technique is proposed by 
multiplying the edge gradient values with RLTP techniques. This 
method is applied to PTB information and therefore the 
Experimental results are created within the variety of tables and 
graphs. The proposed technique has high results on the LTP and 
its derivative methods and is useful for detecting cardiomyopathy 
with 85% accuracy. 

 
Keywords: LBP, LTP, RLTP, DRLTP, Cardiomyopathy, PTB, 

DCM, HCM.       

I. INTRODUCTION 

Cardiomyopathy is one of the heart diseases that cause 
chamber damages. In this disease heart muscles becomes 
dilated and thickened which leads to difficulties in pumping 
the blood. DCM (dilated cardiomyopathy), HCM 
(hypertrophic cardiomyopathy), RCM (restrictive 
cardiomyopathy), and ARVC (arrhythmogenic right 
ventricular cardiomyopathy) are four different types of 
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cardiomyopathy, which are classified according to the 
affected Ventricular shape (dilated and thickened) and 
position (left and right) [5]. Dilated cardiomyopathy occurs 
when the left ventricle is enlarged, weak, and dilated. 
Hypertrophic cardiomyopathy occurs when the heart muscle 
(myocardium) becomes thickened; hence left ventricle valve 
becomes small. Restrictive cardiomyopathy occurs when the 
walls of the lower chambers of the heart (ventricles) are 
unusually rigid and lack the flexibility needed to expand as 
they fill with blood [13].    ARVC occurs if the muscle tissue 
in the right ventricle dies and is replaced with scar tissue [14]. 
The impact of heart disease ends up in unforeseen fall with 
light-headedness. IoT plays an important role in human 
healthcare systems [11]. Through IoT, it's terribly simple to 
watch the health condition of the heart disease patient by 
detecting the abnormality within the electrocardiogram 
(ECG) signal generated by IoT sensors. 
 An electrocardiogram signal contains the all information 
about heart conditions. Cardiomyopathy can also diagnose 
through ECG. The varied ECG signals represent the severity 
of the heart disease and every graphical record signal has 
distinctive patterns. An ECG signal represents the graphical 
illustration of the electrical activity of heart over an amount 
of time that is recorded by electrodes connected to the body 
with 12-leads or 3-leads. This ECG signal contains the P, 
QRS, T and U waves, which represent the atria and 
ventricular depolarization and repolarization [12].  Many of 
the researchers have been focused on P, QRS and T wave 
intervals, RR interval, PR & QT intervals and ST, TP 
segments etc. to differentiate the disease. 

In the differentiation (classification) of disease, one of the 
crucial steps is proper feature extraction.  Good feature also 
simplifies the classification. This paper brings the concept of 
Local ternary patterns (LTP) and its derivatives (RLTP & 
DRLTP) to extract the ECG features. The LTP patterns are 
the binary bits represented by either ±1or 0. These binary bits 
are converted into decimals which are referred as bins. These 
bins are used to represent the classification parameters to 
classify the disease. This paper refers only to the 
classification of two sections of cardiomyopathy. This 
categorizes DCM and HCM ECG signals with the normal 
ECG signal. 

The rest of this paper is organized as follows. Section 2 
briefly reviews the literature. Section 3 presents the proposed 
methods and section 4 classification parameters. In section 5, 
the experimental results of three types of methods on three 
types of signals are reported and discussed. Finally, Section 6 
concludes the paper.   
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II. LITERATURE SURVEY 

Based on analysis of ECG signal and classification 
techniques various automated systems have been proposed to 
classify cardiovascular diseases. Among these systems, ECG 
signals are analyzed by extracting features from wave (P, 
QRS and T wave intervals,  

RR interval, PR & QT intervals and ST, TP segments etc.) 
and these features are time-based features, frequency-based 
features and wavelet-based features. Many classification 
techniques, such as Artificial Neural Network, Support 
Vector Machine, Neuro-Fuzzy, Hidden Markov Model, 
K-Nearest Neighbors, Genetic Algorithm etc., are proposed 
to classify the features and automatically differentiate the 
diseases. R. Acharya U et al [1] presented a system based on 
heart rate signal which classifies the cardiac diseases with the 
neural network and fuzzy classifiers. Here classified cardiac 
diseases are atrial fibrillation (AF), left bundle branch block 
(LBBB), ischemic/ dilated cardiomyopathy, normal sinus 
rhythm (NSR), sick sinus syndrome (SSS), pre-ventricular 
contraction (PVC), complete heart block (CHB) and 
ventricular fibrillation (VF). Due to limited training set and 
single input feature, this system achieved the low accuracy 
between 80-85%.  Digvijay Ghosh et al [2] Proposed an 
automatic system to detect and classify the cardiac 
abnormality through ECG signals. This system started with 
the pre-processing of ECG signals by filtering. Continuous 
wavelet Transform changed the time-based ECG signals to 
time-frequency signals and generated the CWT coefficients 
as feature vectors for appropriate disease. Based on this 
feature vector, SVM classified the various cardiac 
abnormalities like Dysrhythmia, Cardiomyopathy, 
Myocardial infarction, Myocardial Hypertrophy, and 
Valvular. This proposed system took the limited training sets 
for testing. Mirela Ovreiu and Dan Simon [3] Presented a 
system which detects the cardiomyopathy based on P-wave 
morphological features. This system achieved the 60% 
accuracy in classification of cardiomyopathy by applying 
Bio-geographical optimization to neuro-fuzzy training 
network. Shazwani Ahmad Shufni and M. Yusoff Mashor  
[4] was implemented statistical feature based system to 
classify the Myocardial infarction from normal and other 
diseased ECG waves. In this, multilayer perceptron classified 
the three types of domain features. Mean variance and 
standard deviation features were extracted in the time 
domain.  The maximum point, minimum point, mean, 
variance, and standard deviation features were extracted in 
the frequency domain. In DWT, standard deviation feature 
only extracted from ECG waves. Only Limited data sets had 
been tested and shown that the more accuracy from DWT 
feature other than time and frequency domain was achieved.  

Rabiya Begum et al [5] proposed an automated system to 
detect cardiomyopathy. In the first phase, the proposed 
system applied the pre-processing techniques to remove 
noise from ECG signal. In the second phase, system extracted 
the four time-based parameters such as PR, QRS, QT and RR 
intervals as features. In the last phase, extracted features were 
given to SVM and Feed forward back propagation (ANN) 
classifiers to categorize the disease from healthy subjects. 
The result shows that the ANN gave the better accuracy than 
SVM. Saksham Agarwal et al [6] illustrated the qualitative 
analysis for analyzing the ECG data to determine the seven 
types of cardiovascular diseases using the wavelet coherence 
and S-Transforms plots. In this analysis, time series based 

fluctuation measurements was used to differentiate the 
diseases, but with no performance results. 

R. K. Tripathy and S. Dandapat [7] proposed a method to 
automatically detect cardiac abnormalities based on 
multiscale phase alternative features from multi-lead ECG 
waves. In this, ECG signals was translated into waveforms by 
using dual-tree complex wavelet transform (DTCWT) to 
extract the features from different scales. This method 
demonstrated that the fuzzy KNN has achieved more 
accuracy than the KNN in classifying PA features. 

U. Rajendra Acharya et.al [8] implemented convolutional 
neural network algorithm to automatically detect the 
myocardial infarction based on ECG beats.11-layer CNN 
was used to detect the abnormal ECG beat without any 
feature selection. This approach had given the efficient 
performance at ECG beat without noise than at ECG beat 
with noise. But in this approach for training the network, 
requires huge data. Válber César Cavalcanti Roza et al [9] 
presented a design to detect the arrhythmia dataset (AD) and 
supraventricular arrhythmia dataset (SAD) from four 
time-based ECG features. An artificial neural network was 
used for disease classification with four input neurons, eight 
hidden neurons, and two output neurons. Due to 
classification mistakes in patterns of arrhythmias, this design 
achieved the less accuracy. Ashly Elizabeth Vincent and 
Sreekumar K [10] in their review paper investigated on ECG 
signal analysis with mainly aimed at feature extraction and 
classification approaches. And concluded that the 
fuzzy-c-means algorithm analyses the ECG signal is the 
efficient method. Based on the above study, most of the 
systems are classified myocardial infarction and types of 
arrhythmias accurately. Very few systems only concentrated 
on cardiomyopathy and achieved less accuracy. Automated 
classification of cardiomyopathy types (dilated and 
hypertrophic cardiomyopathy) has not been effectively 
implemented. Additionally, we found that one popular 
feature extraction technique: local pattern description has not 
been applied to extract ECG features yet. Since, this method 
can also extract ECG features with high accuracy. We 
adapted local ternary patterns (LTP) and its derivatives 
(RLTP and DRLTP) to extract the ECG features to classify 
the cardiomyopathy. These methods will be described in next 
section. 

III. PROPOSED METHOD 

To improve the classification rate of cardiomyopathy 
disease using ECG signal adapted the local pattern 
description methods. These methods are useful to extract the 
ECG features. In local pattern methods, LBP (local binary 
pattern) operator is one among the foremost powerful 
techniques to recognize the patterns within the ECG graph 
signals. This LBP operator divides signal into frames. For 
every frame, it encodes the data of the electrocardiogram 
signal as binary numbers by comparison anchor value (center 
value) with its four previous and succeeding values, and 
assigns them to zero or one. If those eight values exceed the 
threshold (center value), their binary codes are 1; if they're 
not or adequate the threshold, their binary codes are zero. It is 
formulated as follows, 
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Where Qa is the Anchor value or center value and Qn is the 
neighbor values. This technique is easy however it having the 
constraints of high sensitivity to noise, micro patterns aren't 
recognized, intra class variation can't be reduced. These 
limitations are occurring because of LBP operator cannot 
differentiate the two values, one is nearer and slightly bit 
higher than the anchor value and another is nearer and tiny bit 
below the anchor value.  And it's not appropriate for low 
contrasted electrocardiogram signal. To beat these limitations 
LTP (Local Ternary patterns) and its derivatives (RLTP & 
DRLTP) are proposed. 

LTP works as same as LBP in comparing the anchor value 
with previous and succeeding values. At last the difference 
comes in assigning the value codes. LBP assigns the two 
value code (0, 1) and LTP assigns the three value code (-1, 0, 
1). It reduces the noise which occurs in LBP. This method 
compares the ECG signal value with user threshold value and 
it assigns the value code. It is formulated as follows, 

 
Where t is the user threshold, Qa is the Anchor value or center 
value and Qn is the neighbor values. With this method only 
noise problem is resolved. However to remove the other 
limitations, one of the LTP derivative i.e. RLTP is proposed. 
In this paper, minimum of LTP and its inversion is taken as 
Robust LTP (RLTP). This method overcomes the intra class 
variation. It is formulated as follows,  

 
Where the complement of LTP (Q) .RLTP 
technique is is appropriate to beat this limitation of LTP. 
However, it fails for little fluctuation in the signals.  
To enhance the recognition rate of little fluctuation graphical 
record signals the Discriminative robust local ternary pattern 
(DRLTP) technique is proposed by multiplying the edge 
gradient values with RLTP techniques. It formulated as 
follows, 
 

 

 
Where Dx= horizontal edges and Dy= vertical edges. Edge 
gradient values computed with second order canny edge filter 
by applying the appropriate threshold values to improve the 
edge strength. DRLTP method overcomes the all limitations 
of LBP, LTP and RLTP methods. 

IV. CLASSIFICATION PARAMETERS 

A.  MSE (Mean Square Error) & PSNR (Peak Signal to 
Noise Ratio): 

PSNR value will be calculated with the assistance of Mean 
sq. error (MSE). Each square accustomed measure the 
standard rate before noise removal and after noise removal of 
the signals. PSNR and MSE square measure inter-linked and 
drawn from the ideas of signal process. The MSE formula 
outline as follows 

 

 
Where I and Q are the ECG signal input and ECG query 
signal within the sort of an array with size of n*m severally. 
MSE value is higher, the recognition rate is low and 
contrariwise. 
PSNR outlined as 
 

 
 
Where PSNR value is higher the recognition rate is high and 
contrariwise. The PSNR value depends on MSE value log 
operate.  

B.  Standard Deviation:  

Standard deviation is employed to calculate the variation 
among the signal values. If lower the SD values then the 
matching rate is high. I (i, j) and Q (i, j) are the input ECG 
signal and query ECG signal of size n*m, whose standard 
deviation will be calculated as follows, 

 
Where n, m is the number of rows and columns of the signal 
matrix and µ is that the mean of the signal that is calculated as 
follows, 

 

C. Jaccard index: 

The Jaccard index could be a statistical procedure wont to 
calculate the similarity rate between the input and output 
signals. This parameter is computed by applying division 
operation between intersection variables and union variables 
therefore it's also known as Intersection over Union. The 
Jaccard index worth lies between zero and one. If Jaccard 
worth is zero then the two signals are isolated and worth is 
one robust similarity between two signals. 
                        J=S1 / (S1+S2)                                        (9)   
Wherever S1= (input electrocardiogram signal ∩ Query 

electrocardiogram signal), 
                 S2= (input electrocardiogram signal ∪ Query 
electrocardiogram signal).  
 

In this paper, we've computed the Jaccard index to seek out 
the similarity between electrocardiogram signals. 

V. EXPERIMENTAL RESULTS 

The experimental results of LTP, RLTP, and 
DRLTP are generated on PTB info consists of two hundred 
cardiogram signals. For our experiments, we consider 21 
ECG signals on three types of databases (DCM, HCM & 
NORMAL). The DCM signal having a mild severity of 
disease, HCM signal is having high austerity of the disease. 
We have taken the ECG signal through IoT sensors and 
compared with these three types of query ECG signals.  
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The parameters like MSE, standard deviation, PSNR and 
Jaccard formula are used to detect the ECG signal which is 
taken from the IoT sensor. Here we took three ECG signals 
from IoT sensors and consider this as query signals. Among 
these three ECG signals, Table 1to table-4 and graph 1 to 
graph 4 shows that the signal is DCM, Table 5to table 8 and 
graph 5 to graph 8 shows that the second signal is HCM, and 
Table 9to table 12  and graph 9 to graph 12 shows that the 
signal is NORMAL. Table 13 shows that accuracy rate of 
classification on LTP, RLTP, and DRLTP. 

The graph and table show the detection rate of the signal, 
and the query signal was classified as a DCM signal and a 
second query ECG signal is taken from the IoT sensor and it 
is found to be the HCM signal, which is high austerity. Third 
ECG signal is taken from the IoT sensor and recognize it as a 
normal ECG signal. 
 

Table 13: Accuracy rate of classification on LTP, RLTP and 
DRLTP. 

 MSE Standard 
deviation 

PSNR Jaccord 

LTP 71.4% 42.8% 71.4% 71.4% 

RLTP 14.2 42.8% 28.5% 71.4% 

DRLTP 85.4% 57.1% 85.2% 85.7% 

 
Comparatively the accuracy rate of the proposed method is 

85%.  It is higher than LTP and RLTP. 

VI. CONCLUSION 

   In this work, LTP and its derivatives have been 
implemented and tested with Dilated and Hypertrophic 
cardiomyopathy ECG signals and normal ECG signal 
provided by the PTB database through online. According to 
the experimental result, between the LTP, RLTP, and 
DRLTP methods, DRLTP have shown the best performance 
by providing an accuracy rate of 85% and by eliminating all 
limitations of the LTP and RLTP methods. However this 
proposed DRLTP method classifies accurately when the 
signal has the severity of the disease, but for signals of low 
severity, its performance is poor. This method classifies the 
Mild DCM signal as a normal signal and the Mild HCM 
signal as a DCM signal.  Further to improve the accuracy of 
the system this limitation will be taken as a future work. 
. 

Table 1: DCM signal MSE values 

 

Table 2: DCM signal Standard deviation 
values 

 

Table 3: DCM signal PSNR values 
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Table 4: DCM signal Jaccord formula 
values 

 

Table 5: HCM signal MSE values 

 

Table 6: HCM signal Standard 
deviation values 

 

Table 7: HCM signal PSNR values 

 

 

 
 

Table 8: HCM signal Jaccord 
formula values 

 

Table 9: Healthy signal MSE values 

 

 

Table 10: Healthy signal Standard 
deviation values 

 

Table 11: Healthy signal PSNR 
values 

 
 

Table 12: Healthy signal Jaccord 
formula values 
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Graph 1:  DCM signal MSE values  

 

 

                

 

Graph 2: DCM signal Standard 
deviation values 

 

 
 
 

 

Graph 3: DCM signal PSNR values 

 
 

 

Graph 4: DCM signal Jaccord 
formula values 

 

Graph 5: HCM signal MSE values 

 

 

Graph 6: HCM signal Standard 
deviation values 

 

Graph 7: HCM signal PSNR values 

 

 

Graph 8: HCM signal Jaccord 
formula values 

 

Graph 9: Healthy signal MSE values 

 

 

Graph 10: Healthy signal Standard 
deviation values 

 

Graph 11: Healthy signal PSNR 
values 

 

Graph 12: Healthy signal Jaccord 
formula values 
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