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A signal can be represented by sparse representation with fewer coefficients. Due to this ability, sparse
representation is used in research fields such as signal compression, noise elimination, and classification.
In this study, sparse coefficients of the signals were obtained by using dictionary learning and sparse rep-
resentation algorithms. The obtained coefficients were used in the weight update process of three differ-
ent classifiers, which were created by using AdaBoost, SVM, and LDA algorithms. So, Dictionary learning
based AdaBoost classifiers were obtained. The proposed Dictionary Learning (DL) based AdaBoost classi-
fiers classified the ECG (Electrocardiography) signals. Before classification, the feature selection process
was applied to ECG signals and six different feature subsets were obtained by Discrete Wavelet
Transform (DWT), First Order Statistics (FOS), T-test, Bhattacharyya, Entropy, andWilcoxon test methods.
The feature subsets were used as the new dataset. The classification process was done by the proposed
method and satisfying results were obtained. The best classification accuracy was obtained as 99.75%
by the proposed dictionary learning based method called as DL-AdaBoost-SVM on feature subsets
obtained by DWT and Wilcoxon test methods.
� 2018 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

One of the well-known artificial intelligence methods in
biomedical data classification is ensemble classifiers. In the ensem-
ble classifiers method, several weak classifiers, which have a lower
classification accuracy, are used. Each of classifiers has a weight,
which affects to classification result. Obtaining the classification
result by using these weights is called ‘‘weight voting”. AdaBoost
is one of the most used ensemble classifier methods, which uses
weight-voting process. It was proposed by Freund and Schapire
(1997). The AdaBoost algorithm is easy to implement and can
increase the classification accuracy. Also, it can be used with differ-
ent classifiers. Wang and Pineau (2016) combined the AdaBoost
and Dictionary Learning algorithms in their study. The sparse coef-
ficients were obtained in the study, and then the weak classifier
weights of AdaBoost were updated by these coefficients. It is
shown that their method has high performance in classification.
Zhang and Zhou (2011) obtained sparse representation coefficients
by LP-AdaBoost ensemble classifier. In their study, the k-NN algo-
rithm was used as a weak classifier, and sparse representation
coefficients were defined as the weights of base learners. Imbal-
anced dataset was used to observe the classification performance
of the method. Huang and Zhang (2014) proposed semi-
supervised sparse multi-linear analysis (SSSMDA) method. In the
proposed method, a third-degree short time Fourier transform
was applied to ECG dataset. During the experiments, it was proven
that the method is effective on sparse ECG dataset. Adamo et al.
(2015) found the sparse representation of ECG dataset and pro-
posed a novel and effective signal compression algorithm. Dic-
tionary of waveforms was created from the cardiac signal in the
study. It was proven in the study that the proposed k-LiMapS
method has high compression rate within a controlled approxima-
tion measure. Liu et al. (2016) proposed a dictionary learning algo-
rithm for vector quantization to extract features from ECG signals.
The proposed method was also used to eliminate noise from the
signals. Chen et al. (2017) presented a novel ECG beat classification
algorithm based on a combination of projected and dynamic fea-
tures. In the study, projected features were derived from a random
projection matrix, in which each column was normalized and each
row was transformed by Discrete Cosine Transform. The RR inter-
vals were derived as dynamic features. The two kinds of features
were classified by the SVM algorithm and better performance
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was obtained according to state-of-art heartbeat classification
systems.

In this study, a novel method was proposed to classify the ECG
signals. Before the classification stage, the feature selection process
was done on ECG signals by DWT, FOS and T-test, Bhattacharyya,
Entropy, and Wilcoxon test methods and six different feature sub-
sets were obtained. The obtained feature subsets were classified by
the classifier structures, which were formed by AdaBoost, LDA and
SVM algorithms. In the proposed method, the first weights of
AdaBoost were defined by multiplying sparse representation coef-
ficients which were obtained by K-SVD (K-Singular Value Decom-
position) dictionary learning algorithm Aharon et al. (2006). The
aim is to implement the classification of ECG signals by AdaBoost,
AdaBoost-SVM and AdaBoost-LDA algorithms whose weights were
updated by the proposed method and to evaluate the performance
of the proposed classifiers. In Huang and Zhang (2014), the pro-
posed method was evaluated on a synthetic dataset and ECG data
from a remote diagnosis system. We wanted to implement an Ada-
Boost classifier based on Dictionary Learning and we tried to prove
acceptability of our method on ECG validation dataset (MIT-BIH
Arrhythmia).

The paper has four parts. The first part reviews the studies in
the literature, which were relevant to dictionary learning based
ensemble classifiers. In the second part, updating weights of
AdaBoost by using Dictionary Learning method is explained. In
the third part, experimental results are presented. The paper con-
cludes with the discussion of the obtained results and suggestions
for further research.

2. Materials and methods

In this study, AdaBoost, AdaBoost-SVM and AdaBoost-LDA
classifiers whose weights were defined by multiplying sparse
coefficients were implemented to classify ECG signals.

2.1. The dataset used

The used ECG signals were taken from MIT Arrhythmia
Database (Physionet, 2017) to evaluate the performance of the pro-
posed method. ECG signals were taken from different patients. The
records that were used as the dataset were presented in Table 1.

2.2. Pre-processing

In the pre-processing phase, the ECG signals have been pre-
processed to detect RR interval. Here, the most important point
is considered that all ECG signals are sampled at 360 Hz in Deriva-
tion II during recording. Firstly, ECG signals are filtered with low
pass and high pass filters before detecting RR intervals of the
ECG signal. The cut-off frequencies of low pass and high pass filters
are taken as 28 and 0.09 Hz, respectively. Secondly, QRS detection
is executed on filtered signal. The detection of RR interval is exe-
cuted using one of the well-known QRS detection algorithms
developed by Friesen et al. (1990). A reason for using this detection
algorithm is to give the good detection results for all 3 ECG signal
classes when the slope threshold is fixed as 0.45. After detection of
Table 1
The used ECG signals.

Class Data files Number of
patterns

Normal Sinus
Rhythm

100, 101, 103, 106, 111, 112, 119,
203

1258

Right Bundle BB 118, 207, 212 383
Left Bundle BB 109, 207, 214 90
R point, the detected RR intervals are arranged as 200 samples (fea-
tures, data points), which are called as a pattern, for each class
(Ceylan et al., 2014).

After the pre-processing phase, three different ECG signal
classes that have 200 features were used. The signals, which belong
to Normal Sinus Rhythm (N) class, represent the normal beat of the
heart. Right Bundle Branch Block (RBBB) signals are a heart block in
the electrical conduction system. Left Bundle Branch Block (LBBB)
is cardiac conduction abnormality in an electrocardiogram. The
used ECG dataset includes 1258 N patterns, 383 RBBB patterns,
and 90 LBBB patterns. The features of each pattern can be seen in
Fig. 1. Six different feature subsets were created from ECG signals.
By creating different feature subsets, it was aimed to find the fea-
ture subset which best represents the ECG signals.
2.3. Creating of feature subsets

First, to increase the classification accuracy, a feature selection
process was applied to ECG signals. Therefore, six different feature
subsets were created by DWT, FOS, T-Test, Bhattacharyya, Entropy,
and Wilcoxon test methods. By doing feature selection, the fea-
tures that express the ECG signals better are selected. In this
way, the features extracted from different types of ECG signals
assist to detect different signal classes. DWT, T-test, Bhattacharyya,
Entropy, and Wilcoxon test methods had feature subset which
have 15 features, FOS subset had 5 features after feature selection
process. The process of creating the feature subsets and classifica-
tion of these subsets can be seen in Fig. 2.
2.3.1. Creating of feature subset I
The first feature subset was obtained by applying fourth degree

DWT to ECG signals. Daubechies DWT was used here. After fourth
degree DWT, the approximation coefficients, which have 15 fea-
tures, were defined as the feature subset I and classified by the pro-
posed method. The implementation of DWT on ECG signals was
presented in Fig. 3. As seen in Fig. 3, fourth-degree DWT was
applied to ECG signals, and cA4 (last approximation coefficients)
was used as feature subset I.

The cA4 coefficients of N, RBBB and LBBB signals can be seen in
Fig. 4.

In Fig. 4, cA4 coefficients of one pattern for each class are pre-
sented. The obtained feature subset I using cA4 coefficients was
used as the new dataset. The dimension of the feature subset I
can be seen in Table 2. As seen in Table 2, the pattern number
Fig. 1. The used ECG patterns.



Fig. 3. The implementation of fourt

Fig. 2. The process of creating feature subsets and classification.

M. Barstuğan, R. Ceylan / Journal of King Saud University – Computer and Information Sciences 32 (2020) 1149–1157 1151
was held the same, only the number of features was reduced by
using DWT.

2.3.2. Creating of feature subset II
Feature subset II was created by First Order Statistics of each

pattern. First Order Statistics include ‘‘mean, variance, skewness,
kurtosis, shape factor” values. Each of the FOS values was defined
as a feature and feature subset II was created as seen in Table 3.

The used statistical methods to obtain the five features were
presented as follows Yücelbas et al. (2016), Yücelbas� et al. (2018)
(X: Pattern, N: the number of the samples):

Mean : l ¼ 1
N

XN
i¼1

Xi ð1Þ

Variance : r2 ¼
XX � l2

N
ð2Þ
h-degree DWT on ECG signals.



Fig. 4. The patterns after the DWT process.

Table 2
Feature Subset I.

Class Number of features Number of patterns

Normal Sinus Rhythm 15 1258
Right Bundle BB 15 383
Left Bundle BB 15 90

Table 3
Feature Subset II.

Class Number of features Number of patterns

Normal Sinus Rhythm 5 1258
Right Bundle BB 5 383
Left Bundle BB 5 90

1152 M. Barstuğan, R. Ceylan / Journal of King Saud University – Computer and Information Sciences 32 (2020) 1149–1157
Skewness : s ¼ Eðx� lÞ3
r3 ð3Þ

Kurtosis : k ¼ Eðx� lÞ4
r4 ð4Þ

ShapeFactor : sf ¼ rmsðxÞ
lðxÞ ð5Þ
2.3.3. Creating of feature subset III-VI
Feature subsets III-VI were defined by T-test, Bhattacharyya,

Entropy, and Wilcoxon test methods and all features in ECG signals
were ranked. Then the most meaningful first 15 features were
obtained by each of the test methods (Haury et al., 2011). The
dimensions of Subset III-VI were held the same in accordance with
feature subset I.

- T-test: T-test is used to determine whatever two sets of data are
significantly different from each other.

t ¼ l1 þ l2ffiffiffiffiffiffiffiffiffiffiffi
r2
1þr2

2
n1þn2

q ð6Þ

where l;r, and n are sample means, sample standard deviations,
and sample sizes of the datasets, respectively.

- Bhattacharyya: Bhattacharyya is a method, which measures the
similarities between two continuous or discontinuous probabil-
ity distributions.
BD ¼ 1
4
ln

1
4

r2
1

r2
2

þ r2
2

r2
1

þ 2
� �� �

1
4

ðl1 � l2Þ2
r2

1 þ r2
2

" #
ð7Þ

- Entropy: In statistics, entropy is used to represent the random-
ness or irregularity of data.

e ¼ 1
2

r2
1

r2
2

þ r2
2

r2
1

� 2
� �

þ 1
r2

1

þ 1
r2

2

� �
l1 � l2

� �2� �
ð8Þ

- Wilcoxon: Wilcoxon test was developed to test the distributions
of two different data classes which are similar or not.

The feature selection process was done by these test methods,
and the obtained feature subsets were prepared for classifier
structures.
2.4. Classifier algorithms

In this study, three different structures were used to classify the
created subsets. AdaBoost, AdaBoost-SVM and AdaBoost-LDA
structures were combined with Dictionary Learning, and the clas-
sification process was done by the proposed method.
2.4.1. K-SVD algorithm
In dictionary learning, the aim is to produce a sparse represen-

tation of the dataset. If a dataset can be represented by fewer coef-
ficients, the dictionary becomes more effective Tropp and Gilbert
(2007). The K-SVD algorithm was proposed by Aharon et al.,
(2006) as a solution to the Dictionary Learning problem and can
be seen in Algorithm 1. K-SVD implements SVD for k times during
the update process of dictionary atoms.

Algorithm 1 – K-SVD

Target: Finding the best dictionary by solving (6) for

fyigNi¼1data

min
D;X

ðfjjY � DXjj2FgÞ (9)
1: Input: D dictionary which was normalized by L2 norm:

jjDjj2 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

i¼1D
2
i

q
(10)

2: for iteration=1
3: Sparse Coding Stage

min
xi

ðfjjyi � Dxijj22gÞ, jjxijj0 6 T0,i ¼ 1;2; :::;N (11)

Solve (11) by finding xi sparse vector for each of yi sample
with a pursuit algorithm.

4: Dictionary Update Stage
For each atom in the dictionary:
5: for k
6: Define wk vector:wk ¼ ij1 � i � Nf g; xTkðiÞ–0

7: Compute Ek error matrices:Ek ¼ Y �P
j–kdjx

j
T

8: ObtainERk compressed error matrices by choosing columns
from Ek matrices which were defined in wk vector.

9: Apply SVD toERk matrices:ERk ¼ UDVT

10: Update dk atom by the first column of U. UpdatexRk
coefficient vector asV :;1ð Þ � Dð1;1Þ

11:end for k
12: end for iteration
13: Output: D (dictionary), x (sparse coefficients)
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The OMP algorithm was used to solve Equation 11 in sparse coding
stage. OMP finds the closest solution to the problem. In Equation 11,
if T0 becomes lower, the solution becomes better (Tropp and Gilbert,
2007).

2.4.2. Ensemble classifier AdaBoost
AdaBoost is an ensemble classifier method, which creates a

strong classifier by combining weak classifiers. In each iteration,
a weak classifier does classification. In continue, depending on
the classification error of a weak classifier, the weight of the base
learner is updated. A base learner includes several weak classifiers.
The best weak classifier is selected as the base learner. The last
classification result is obtained by weight voting among the base
learners. The AdaBoost algorithm was presented in Algorithm 2
(Kégl, 2009):

Algorithm 2 – AdaBoost

1: Input Training dataset (x1, y1), . . . , (xm,ym); xi2X,
yi2Y = {�1,+1}
D1(1,m) =1/m Initialize the weights
2: for t=1, 2,. . .,T
3: uk weak classifiers in the base learner are trained
4: Weak classifier weight is obtained:
arg min et =

Pm
i¼1DtðiÞ yt–utðxiÞ½ �

if Ɛt >1/2; stop the iteration; end
5: Base learner ht weight at is computedat ¼ 1

2 log 1� et=etð Þ
6: The weak classifier weights are

updated:Dtþ1 ¼ DtðiÞexpð�atythtðxiÞÞ
Zt

Zt: normalization factor
7: end for t
8: Output Weight voting result is

computed:H xð Þ ¼ sign
PT

t¼1ðatht xð ÞÞ
2.5. Classifier structures

In the proposed method, firstly, the initial dictionary was cre-
ated. The initial dictionary can be created with different methods.
In some studies, a part of the data was defined as the initial dic-
tionary. In addition, the initial dictionary can be created randomly
or by using some algorithms such as Discrete Cosine Transform,
Fourier Transform algorithms. In this study, the initial dictionary
was created by Discrete Cosine Transform and normalized with
the L2 norm (Alg. 3 – Step 4). By using the training set and initial
dictionary, sparse coefficients of training patterns were obtained
by Orthogonal Matching Pursuit (OMP) algorithm (Tropp and
Gilbert, 2007) (Alg. 3 – Step 5). In the next step, the initial dic-
tionary and sparse coefficients were updated by K-SVD Aharon
et al., (2006) algorithm. In AdaBoost algorithm, the weights of
the weak classifiers were defined as ‘‘1/pattern number”. The
updated sparse coefficients were multiplied by initial weights,
and by doing so, weak classifier weights were updated (Alg. 3 –
Step 8). Then, the classification process was done and a classifica-
tion error was obtained (Alg. 3 – Step 13). The obtained error and
sparse coefficients were multiplied, and the weight of first base
learner was updated (Alg. 3 – Step 14). In AdaBoost weight update
process, the weights of the weak classifiers were updated by using
base learner weights (Alg. 2 – Step 6). However, in the proposed
method, it was updated by using base learner weights and sparse
coefficients (Alg. 3 – Step 15). This process was done for all base
learners and the classifier was trained. By using the trained base
learners, the test set was classified and the classification perfor-
mance of the proposed method was obtained. The scheme of this
process can be seen in Fig. 5.

Algorithm 3 – DL-AdaBoost (K-SVD-AdaBoost)

1: Input Training Dataset (x1, y1), . . . ,(xm,ym),
xi2X, yi2 Y = {-1,+1} N: number of base learners, a: number of

patterns, M: number of columns in sparse representation
coefficient matrices

2: Dataset is normalized with L2 norm
3: Subset is created from dataset
4: Initial dictionary is created by Discrete Cosine Transform
5: Initial dictionary is updated by K-SVD and sparse

coefficients (w) are obtained
6: for n = 1:N
7: for m = 1:M
8: D(1,a) = w (1,m) . (1/a) Define the weights
9: um weak classifiers are trained by using the weights
10: The weak classifier which has the least error is selected as

a base leaner:
[h{n}, errors] = arg min hn =

Pm
i¼1DðiÞ yi–uiðxiÞ½ �

11: end for M
12: If the least classification error is bigger than 0.5, the

iteration is stopped:
if min(errors) > 1/2; stop the iteration; end
13: The base learner error is

computed:en ¼ Pðy–sign < Hn xð Þ;w >ÞDn

14: The base learner weights an is
computed:an ¼ 1

2 log 1� en=enð Þ
15: The weak classifier weights are

updated:Dnþ1 ¼ Dnexpððy–sign<Hn xð Þ;w>ÞÞ
Zn

Zn: normalization factor
16: end for N
17: The weight voting result is

obtained:H xð Þ ¼ sign
PN

n¼1anhn xð Þ
3. Experimental results

In this study, AdaBoost, SVM, and LDA algorithms were com-
bined and AdaBoost-LDA, AdaBoost-SVM classifiers were created.
Then; DL-AdaBoost, DL-AdaBoost-SVM and DL-AdaBoost-LDA clas-
sifiers were created due to the proposed method. To evaluate the
effect of the proposed method, the classifiers classified feature sub-
sets. For a fair comparison, each of patterns was used for both of
training and test stage by 10-folds cross-validation. AdaBoost,
SVM and LDA algorithms are binary classifiers, so One Against
One (OAO) (Anthony et al., 2007) method was used to obtain the
classification result. Five evaluation metrics (Sensitivity (Sen),
Specificity (Spe), Accuracy (Acc), Precision (Pre), Area Under Curve
(AUC) values) were used to test the performance of the proposed
classifiers. All metrics were calculated according to Eqs. (12–15).

Sensitivity ¼ TP= TPþ FNð Þ ð12Þ

Specificity ¼ TN= TNþ FPð Þ ð13Þ

Accuracy ¼ TPþ TNð Þ= TPþ FNþ FPþ TNð Þ ð14Þ

Precision ¼ TP= TPþ FPð Þ ð15Þ



Fig. 5. The proposed DL-AdaBoost scheme.
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K-SVD parameters were found optimally after experiments. The
sparse coefficient number was changed between 3 and 9 by the
increment of 2. K-SVD iteration number was changed between
10 and 100 by the increment of 10. Dictionary size was changed
between 10 and 50 by the increment of 5. As a result, the optimum
sparse coefficient number was found as 3. Optimum iteration num-
ber for training K-SVDwas found as 10 for feature subsets I, II, III, V,
and VI; 70 for feature subset IV. Optimum dictionary size was
found as10 for feature subsets I and V; 25 for feature subset II;
and 30 for feature subsets III, IV and VI. In Table 4, Sen, Spe, Acc,
Pre and AUC values were presented for each implemented classi-
fiers. The evaluation metrics in Table 4 were obtained by taking
the mean of 10-folds cross-validation and OAO results.

The experiments were performed on PC. The CPU has Intel i7
4700HQ processor and 12 GB RAM. MATLAB software was used
during experiments.

In Table 4, the highlighted accuracy values show that the pro-
posed weight update process increased the classification accuracy.
The proposed DL-AdaBoost method could not perform well on fea-
ture subset I, and the proposed DL-AdaBoost and DL-AdaBoost-
SVM algorithms could not perform well on feature subset II. In
the rest of all methods and feature subsets, the weight update
process increased the classification accuracy. The best classifica-
tion accuracy was obtained by the proposed DL-AdaBoost-SVM
classifier structure as 99.75% on feature subset I and feature subset
VI as seen in Table 4. The obtained results by the proposed method
can be seen as graphically in Fig. 6.

As seen in Fig. 6, in ensemble classifiers, the updating weights
by multiplying sparse coefficients increases accuracy on the classi-
fication of ECG signals. The proposed method has higher accuracy
on all experiments; except the experiments on feature subset I
by DL-AdaBoost, and the experiments on feature subset II by DL-
AdaBoost, DL-AdaBoost-SVM.

The computational costs of the best results obtained in Table 4
were presented in Table 5.

The shortest time was obtained with FOS – DL-AdaBoost-LDA
method, but the classification accuracy is the lowest among the
best results. The best classification accuracy was obtained with
DWT – DL-AdaBoost-SVM and Wilcoxon Test – DL-AdaBoost-
SVM as 99.75%. As seen in Table 5, the computational cost of
DWT – DL-AdaBoost-SVM is lower than the computational cost
of the Wilcoxon Test – DL-AdaBoost-SVM. Therefore, DWT – DL-
AdaBoost-SVM method could be chosen as the best method among
the six methods.



Table 4
The classification results for all subsets.

Feature Subsets Evaluation Metrics

DWT Sen Spe Acc Pre AUC

AdaBoost 99,13 99,15 98,96 96,2 0,99
DL-AdaBoost 98,06 98,31 98,49 98,22 0,98
AdaBoost-SVM 99,39 99,79 99,47 98,32 1
DL-AdaBoost-SVM 98,35 99,92 99,75 99,75 0,99
AdaBoost-LDA 99,04 99,84 99,35 99,24 0,99
DL-AdaBoost-LDA 99,02 99,84 99,40 99,26 0,99
First Order Statistics Sen Spe Acc Pre AUC
AdaBoost 57,74 66,58 86,74 86,79 0,62
DL-AdaBoost 50,98 66,05 85,23 84,42 0,59
AdaBoost-SVM 97,02 97,37 95,95 83,69 0,97
DL-AdaBoost-SVM 96,85 96,59 94,93 82,03 0,97
AdaBoost-LDA 96,85 97,21 95,92 82,98 0,97
DL-AdaBoost-LDA 97,99 97,07 96,31 82,47 0,98
T-test Sen Spe Acc Pre AUC
AdaBoost 98,60 99,47 98,70 98,39 0,99
DL-AdaBoost 98,51 99,55 98,71 99,66 0,99
AdaBoost-SVM 98,51 99,87 98,78 98,70 0,99
DL-AdaBoost-SVM 98,41 99,26 99,09 96,96 0,99
AdaBoost-LDA 97,89 100,00 98,30 100,00 0,99
DL-AdaBoost-LDA 97,79 99,26 98,50 99,82 0,99
Bhattacharyya Sen Spe Acc Pre AUC
AdaBoost 96,90 98,07 97,72 99,00 0,97
DL-AdaBoost 97,72 99,50 98,27 98,55 0,99
AdaBoost-SVM 95,58 98,84 96,87 99,54 0,97
DL-AdaBoost-SVM 96,21 99,55 97,28 90,67 0,99
AdaBoost-LDA 94,62 98,86 96,21 99,61 0,97
DL-AdaBoost-LDA 95,59 99,58 96,65 99,74 0,98
Entropy Sen Spe Acc Pre AUC
AdaBoost 96,79 99,87 98,20 98,36 0,98
DL-AdaBoost 98,51 98,41 98,53 99,30 0,98
AdaBoost-SVM 94,07 99,95 96,18 99,39 0,97
DL-AdaBoost-SVM 96,56 99,23 97,38 99,73 0,98
AdaBoost-LDA 93,11 100,00 95,75 100,00 0,97
DL-AdaBoost-LDA 95,25 99,60 96,59 99,82 0,97
Wilcoxon Test Sen Spe Acc Pre AUC
AdaBoost 96,64 99,55 98,99 99,33 0,98
DL-AdaBoost 98,21 99,81 99,18 97,88 0,99
AdaBoost-SVM 99,20 99,47 99,62 98,66 0,99
DL-AdaBoost-SVM 99,74 99,55 99,75 99,61 1,00
AdaBoost-LDA 98,23 99,58 99,02 99,24 0,99
DL-AdaBoost-LDA 98,70 99,60 99,09 99,58 0,99
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4. Conclusion

The aim of this paper is to investigate the classification
accuracy when AdaBoost and Dictionary Learning were com-
bined and were used as hybrid classifiers. Thus, the proposed
method was compared with the other classifiers. 36 different
experiments were done in this study. Dictionary Learning
was not effective only on six experiments which were not
highlighted in Table 4 (The first experiment in DWT section,
the first two experiments in First Order Statistics section). In
other 30 experiments, the Dictionary Learning increased the
classification accuracy. The classification accuracy was over
95% on all experiments with the Dictionary Learning. So, the
increment of classification accuracies does not seem high
when Dictionary Learning is used. In Table 6, the increment
of the classification accuracies by the proposed approach
was presented.

As seen in Table 6, the biggest increment is 0.28% on feature
subset I by DL-AdaBoost-SVM. The obtained results in this study
were compared with literature studies in Table 7.

As seen in Table 7, the proposed method is an effective
method and can be used to classify ECG signals. The effective-
ness of the proposed method was proven by experimental
results. By applying to the different signal classification prob-
lem, the performance of the proposed method could be
generalized.
5. Discussion

Ensemble classifiers method is based on ‘‘weight voting” sys-
tem. After each classification process, the weight of the correctly
classified pattern is increased; the weight of the wrongly classified
pattern is decreased. During the weight updating process, the
weights were updated by multiplying sparse coefficients, and so
the number of correctly classified patterns was increased. By
increasing the number of correctly classified patterns, the classifi-
cation performance of the classifier is increased. In addition, to
achieve a high classification performance, training of the system
with a good dataset is important. Therefore, in this study, six differ-
ent feature subsets were formed by using DWT, FOS and test meth-
ods. The proposed classification approach was evaluated by six
different feature subsets. According to computational cost and
the highest accuracy metrics, the best feature selection method
was found as Discrete Wavelet Transform. By founding the feature
subset that best represents the dataset, the classification perfor-
mance was increased. These experiments show that if a classifier
system is trained by a good dataset, it gives higher performance.

The advantage of the proposed method is that a high classifica-
tion performance can be obtained by using sparse coefficients in
Dictionary Learning method. The limitation of the proposed
method is that training time takes time because of the number of
sparse coefficients. If the number of sparse coefficients higher,
the training time becomes higher.



Fig. 6. The classification results for all feature subsets by (a) AdaBoost and DL-AdaBoost (b) AdaBoost-SVM and DL-AdaBoost-SVM (c) AdaBoost-LDA and DL-AdaBoost-LDA.

Table 7
Comparison with the recent results.

Author Year Method Performance (%)

Liu et al. (2016) 2017 Dictionary Learning-Vector Quantization 94.6
Chen et al. (2017) 2016 Feature Extraction-SVM 98.46
Li et al. (2017) 2016 General Regression Neural Network 95
Li et al. (2016) 2016 Feature Extraction-SVM 98.65
Raj and Ray (2017) 2016 Hybrid PSO-SVM 98.82
Sharma and Ray (2016) 2016 Multi-class SVM with RBF Kernel 99.51
Raj et al. (2016) 2016 DOST+SVM-PSO 99.18
Elhaj et al. (2016) 2016 SVM-RBF 98.91
Rivera and Rodriguez (2017) 2017 Adaptive Neuro-Fuzzy 98.38
Ceylan (2018) 2018 K-SVD-ANN 98.74
Oh et al. (2018) 2018 CNN and LSTM combination 98.10
Yildirim (2018) 2018 DBLSTM-WS 99.39
This Study 2018 Dictionary Learning-AdaBoost-SVM 99.75

Table 6
The increment of classification accuracies when the Dictionary Learning is used.

Classifier AdaBoost DL-AdaBoost AdaBoost-SVM DL-AdaBoost-SVM AdaBoost-LDA DL-AdaBoost-LDA

Subset Subset VI Subset I Subset I
Classification Accuracy (%) 98.99?99.18 99.47 ?99.75 99.35 ?99.40
Increment (%) 0.19 0.28 0.05

Table 5
Computational costs of the best methods in Table 4.

Method CPU time (sec) Processed Lines

DWT – DL-AdaBoost-SVM 1884.94 52658401
FOS – DL-AdaBoost-LDA 100.89 680766
Wilcoxon Test – DL-AdaBoost-SVM 2918.31 93732293
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