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Abstract: Nowadays, automatic recognition algorithm is being frequently utilized to extract the information concerning
cardiac abnormalities. In this study, a fully automatic novel method based on the continuous wavelet transform (CWT)
was developed for QT intervals in various ECG signals. Especially, the determination of T-wave end is the paramount
problem to be solved.The developed method was performed to find the beginning of QRS complexes and the end of T-
wave. The proposed algorithm was tested on MIT-BIH-NSR database given by QT database, then, it yielded the scores
15.17 milliseconds and root-mean-square error of 17.19 milliseconds at silver standard, 19.22 milliseconds and 20.22
milliseconds at gold standard, respectively. In conclusion, the proposed algorithm is a fully automatic method to attain
a high performance in the calculation of QT intervals at various ECG signals.
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1. Introduction

Electrocardiography(ECG) is represented as the
cardiac activity reflecting its electrical activity in heart
muscles. Since the invention of the Einthoven rules, it
has been used as a diagnostic feature to identify
electrical propagation of cardiac muscles, which means
that it has valuable information regarding cardiac
situation of a patient. Generally, the cardiac activity is
separated into two parts, depolarization and
repolarization indicating contraction and relaxation of
heart muscle. Therefore, some sort of abnormal
electrical propagation are reflected in ECG, then, one
can extract vital features in cardiac level of patients.

Namely, ECG consists of two waves (P and T) and
one complex (QRS) which are illustrated in Fig.1.
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Fig. 1. ECG Signal

P wave denotes the contraction of atrial muscle
pumping the blood into the ventricles. QRS complex
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represents the stimulation of right and left ventricles. Right
and left ventricles perform to pumps venous blood into the
pulmonary and fresh blood through the artery. All of the
works to be done are automatically achieved which means
that the heart is an autonomous system. Synchronization is
provided by the electrical stimulation within specific
intevals(QT inteval, PR segment). As a results, any
irregularities  including  mechanical and electrical
abnormalities in heart synchronization causes to fail the
heart muscle leading to sudden death [1].

QT interval, one of the most important duration, is
defined as the time lapse between the beginning of the
depolarization and the end of the repolarization in heart
ventricles. There is a strong relationship between QT
intervals and several heart diseases, in which it is utilized to
diagnose some of the abnormalities [2].

Before the advancement of computer programming
paving a way for easily solving difficult problems, Experts
and Cardiologists decided that electrical activities of heart
had whether abnormalities or not , by examining the ECG
signals in terms of duration and amplitude features, which
were literally manually measured.

However, the performance of the manual QT
measurement was reduced because of long records, fatigue
in reading, individual evaluation and ECG device feature
[2]. In addition, only 25% of cardiologists who had no
experience in electrophysiology could assign correct marks
of QT interval locations[3]. In long records, manual
measurements had a problem with selecting representative
beats indicating instantaneous cardiac situations due to the
non-stationary feature of ECG [4].
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For these reasons, automatic algorithms have been
developed to determine the beginning of the QRS
complex and the end of the T-wave.

Numerical methods based on the derivative feature
were performed to measure QT intervals [2,6]. In
despite of reduction in the calculation of the cost, the
performance of QT measurement was affected by T
wave amplitude, isoelectric baseline changes, and false
detections. Also, the T-wave slope and the isoelectric
level are required to be applied these algorithms. In
addition, intra-beat variations have a negative effect on
detecting boundary points in the ECG pattern.

Some of the methods related to formulation of ECG
patterns were established to analyze the start and end
points of ECG waves [7,8]. Although, these algorithms
can be effectively applied to classify basic waves such
as QRS and T, they had a poor score for the
determination of boundary points due to the vexing
problem which was defined as trying to use a
deterministic method applying a non-deterministic
problems [9].

In order to process non-deterministic ECG signals,
neural network applications were developed [10-12].
Neural networks can be efficiently achieved to measure
QT intervals regardless of frequency characteristics of
ECG, after training them. However, this process
requires too long training data, and is not an automated
method.

There are some methods which are independent of
ECG level and implemented in the frequency domain
[13]. It is noteworthy that the measurement
performance decreases with significantly removing
waveforms,even the algorithms are fully-automated.
On the other hand, these algorithms cannot be achieved
to apply on the signals obtained from different
channels of ECG because T wave and QRS complexes
orientations change.

Due to all reasons explained above, in this study, a
novel full-automatic algorithm based on continuous
wavelet transform (CWT) was proposed to recognize
the beginning of depolarization and the end of
repolarization in heart ventricles. In the presented
algorithm, the ECG signals were preprocessed by
filtering and flattening. Then, the ECG boundaries are
marked by using CWT. The algorithm performance
was evaluated in terms of gold and silver standards
which are the comparisons with manual annotations
and comparison of standard automatic algorithms,
respectively.

2. Method

QT intervals in ECG records were computed in this
study and the evaluation was performed by comparing
achieved and expected results (annotations) . QT
interval detection and evaluation steps of the algorithm
will be investigated in the subsections.

2.1. QT Interval Detection
2.1.1. Preprocessing

An ECG record is a quite rough signal due to ambient
and measurement noises, undesirable effects on the
physical conditions such as patient’s breathing, the
activities of other organs. To eliminate such conditions, the
ECG records were filtered by a band pass FIR (Finite
Impulse Response) filter with 0.5 Hz and 40 Hz cut-off
frequencies since the electrical signals produced by the
human heart during the pulse were in this frequency band
[6]. The mathematical description of the filter is

y(n) :Z’jlck -x(n—k) (2.1)

wherec, is a constant scaling parameter, X is to be filtered
the ECG record, y is the filter output, n is the current time

step and N =330, the filter order. The filter order is
selected such a large value which is an appropriate number
containing one electrical cycle of the heart in order to take
the desired frequency window of the records exactly. On
the other hand, the computational time for filtering is
increased, which means that such a selection was not
suitable for real time applications.

Coiflet-1 type continuous wavelet transform was applied
to the filtered ECG record. Type 1 represents that the used
wavelets are orthogonal wavelets. Scaling function level of
the wavelet is selected as 9 with respect to the frequency
band of T wave end pattern [14]. The resulting signal was
used for QT interval detection analysis as explained in the
following sections..

2.1.2 QRS Complex Starting Point Determination

Firstly, QT Pattern signal which will be used for

determination of QRS complex starting and T wave end
points was defined as

QT Pattern = (CWT Output)® (2.2)

where CWT Output is the signal obtained after CWT
analysis. This mathematical trick was used to make higher
and lower amplitude parts of the signal more apparent. The
amplitude of the QT Pattern is high in the vicinity of the
R peaks, therefore to be analyzed signal for QRS complex
starting point QRS Pattern is defined with a piecewise
function as

(2.3)

. 0 , QT Pattern(i) < A
QRS Pattern(i) = . .
QT Pattern(i), otherwise

where Ais equal to three times mean values of
QT Pattern, iis an integer number from 1 to ECG record

length. This comparison level to produce QRS Pattern was
found with a heuristic approach.
In QRS Pattern, all the peaks are possible R peaks of

the evaluated ECG record, and the highest amplitude peaks
in the defined scan range are R peaks of the ECG record. R
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peak scan range was selected as +160 milliseconds
because of the largest healty QRS duration[15].

By using R peak locations information, the QRS
complex starting points can be determined. However,
the directions of the R peaks in the ECG record should
be considered. The R peak directions may be positive
or negative based on its record lead. Therefore, the
piecewise function (2.4) considering R peak directions
was used to mark QRS complex starting point as

QRS (i) = {Qmm M)-8ms, Reg, (1) is positive 2.4
Quax () —8ms, Rp, (1) is negative
where QRS is QRS complex starting points, i is

an integer number from 1 to ECG record length, Q,;,
and Q,,, are minimum and maximum points around
left side of R peaks respectively and R, is

investigated R peak of the ECG record. It is obvious
that minimum or maximum levels were not directly
marked as QRS complex starting points. Eight
millisecond subtraction was used to catch points at
isoelectric level. The first phase of the QT interval
determination was finalized by labeling the starting
points of QRS complexes.

2.1.3 T Wave End Point Determination

In the previous section, it has been declared that
direction of R peaks could be positive or negative. The
same situation is also valid for T-wave of the ECG
records. For correctly positioning the T-wave end on
the ECG, the directions of the T-waves should be
identified as positive or negative. For this purpose, the
method shown in Fig.2 was used. Firstly, RR interval
for each beat shown in Fig.1 was calculated by the
times between consecutive R peaks. Secondly, the
highest and lowest amplitude points were marked as
possible T-wave peaks of the ECG record by scanning
the next half of the RR interval from the corresponding
R peak. Finally, the direction of T-wave peaks whether
positive or negative was determined by comparing the
area under the ECG curve and the shaded area as
shown in Fig.1. As a result of this decision mechanism,
the highest or lowest possible T-wave peak points
previously marked were assigned as T-wave peaks.

The amplitude of the signal achieved after CWT
analysis is relatively low around T-waves while these
parts of the signal were critical for the determination of
T-wave end points. To focus the desired signal
windows, piecewise function expressed in (2.5) was
used.

, QT Pattern(i) > 0.05

T Pattern(i) = {O (2.5)

QT Pattern(i), otherwise

where T Pattern represents the signal to be used for

detection of T-wave ends and i represents an integer
from 1 to ECG record length. The threshold value,
0.05, was selected to remove the all frequency peaks

produced by continuous wavelet transform at T wave
except the end of the repolarization, in ventricles, T wave
end. Normally, T wave frequency peaks generated by the
continuous wavelet transform establish several critical
points indicating the turning place on the ECG signal. One
of them, the T wave end possesses the three crosspoints
which are descenting, ascending and steady line,
respectively. The threshold values clarify these lines which
can be detectable. Achieved T Patternsignal was

normalized before using it, because it contains signal parts
with only weak amplitudes. Even if the high-amplitude
parts are cleaned, the T Pattern may still contain sections

related to the T-wave ends and that may cause faulty
evaluation. The Clear Area Region (CAR) shown in Fig.3 is
a window starting from 20% of RR interval in the rear of R
peaks up to the previously determined T-wave peaks. The
CAR of each beat was suppressed in T Pattern to eliminate
the parts irrelevant to the end of the T-waves. The rest of
the signal was used to detection of T-wave end positions.
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Figure 2:Positive or Negative T-wave Peak Determination

In the last step of QT interval determination, the
algorithm focused the right hand sides of the previously
determined T-wave peaks. Therefore, the peaks following
the T-wave peaks of the cleared signal were utilized. The
decision mechanism shown in Fig.4 was executed to mark
T-wave ends of each beat in ECG record. For previously
found each T-wave peak in ECG record, the peaks of the
cleared were scanned in T-wave scan range. When both
the 2" and 3" peaks are available in the cleared , the T-
wave end position of the beat was assigned as the average
position of the 2" and 3" peaks. On the other hand, the T-
wave end position of the beat was assigned as the position
of 2" peak if it is available, but the 3" one is not.
Otherwise, it was assumed that the T-wave end of the beat
is not detected.

QT intervals of the beats in ECG record was calculated
by using the following function

QT Interval (i) = T-wave end (i) —QRS start(i) (2.6)
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where QT Interval(i),
QRS start(i) are

QT interval value, T-wave end position and QRS
complex start position of the i beat, respectively.
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Figure 3: Acquiring the signal to be used for calculation of
the T-wave end points
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Figure 4:T-wave end position determination flowchart
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2.2 Evaluation Procedure

QT interval values determined by the proposed
algorithm in this study and received from the
annotations were compared in terms of mean error and
standard deviation error. After that the score of the
algorithm for evaluated ECG record database was
calculated as mean squared error (MSE) of the
previously found QT interval mean errors for each
evaluated ECG record.

3. Experiment

The experiment was performed by using MIT-DB-
NSR and MIT-BIH Long-Term ECG signal records in
QT-database [16]. In MIT-DB-NSR and MIT-BIH
Long-Term ECG database, there are 15 records
annotated by the experts and standard automatic
algorithms. All records are sampled at 250 Hz, and are
normalized to remove changes of amplitude level in

ECG. In addition, the presented algorithms was carried out
on the whole QT database in order to compherensively
compare the other studies published in later.

The algorithm was performed on the database given
above. In the first place, the CWT is applied on the ECG
signal in order to get the fiducial points such as Q and R
points. The Figure 5 illustrates how the algorithm works..
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In Figure 5, X and Y axis represent the data number and
the voltage value in ECG. The coiflet pattern obtained by
CWT was transformed into QRS pattern shown by three
peaks on ECG. The first and second marks are assigned as
Q and R point, respectively.

Then the algorithm should find where T peak occurs
before obtaining the T wave end location. Figure 6
schematically shows the algorithm’s annotation.
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Fig. 6. T wave maximum marking

In Figure 6, the T wave maximum is obtained by
searching maximum on refractory period produced by
computing RR interval at each cycle.

Finally, T wave end point is marked by evaluating
Coiflet pattern in terms of sequential peaks. Figure 7 clearly
explains the marking process on ECG signal.
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Fig. 7. T Wave End Detection
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In Figure 7, Coiflet patterns are only placed at right
hand side of T maximum because of erased peaks before T
maximum happens. It can be shown that T wave end is
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generally found between the third and the second peaks
of Coiflet patterns. Actually, Coiflet patterns were
established by nine individual frequency regions,
which means that each of the frequency regions had a
specific sub-signal on ECG illustrating the feature of
depolarization and repolarization of the time-related
action potential. On the graph (Figure 7), it could be
understood that each coiflet peak happens when the
sign of derivative of ECG wave changes. This led us to
estimate where the repolarization was finished and
started. The detailed information has been given in the
Method section of this article.

The proposed algorithm applied on the all databases
had the scores illustrated in Table 1.

Manual Automatic
Mean Error 19.22 ms 15.17 ms
RMS Error 20.22 ms 17.19 ms

Table 1.Test Results

Table 1 shows manual and automatic measurement
errors in the tests. According to these results, the
manual tests had poor score than automatic tests
because manual annotation was only chosen at
representative beats which characterize individual
cardiac status of patients and had the same patterns.
Also, electrophysiologists almost marked the points
indicating T wave end before the algorithm one [17].
This led to a great difference in mean error
representing how much the algorithm was effective.

The automatic test was performed on all ECG
records including broken patterns by using
ECGPUWAVE method which had a challenging
performance. These results are deeply discussed in the
next section.

4. Discussion

In this study, a novel fully automated method was
proposed to analyze QT interval in ECG signals. The
algorithm achieved QRS complex recognition, finding
T-wave peaks and end points in all records. All ECG
records were obtained from QT-database which were
annotated by the experts and automatic algorithm.
However, QT-database contained five different
abnormality groups which were not included in this
study.

European ST-T Databases included many different
patients with myocardial infraction, cardiac artery
diseases and hypertension causing ST elavation and
rippling isoelectric baseline in ECG. Generally, V4-V5
channels of ECG were used to collect cardiac signals.
Due to these reasons, CWT produced a lot of wrong
results in the tests. There was no consensus where the
T-wave peaks were even in a standard automatic
algorithm. Besides, the respiration which was a
primary cause of a low frequency noise was not stable
in these patient groups. The collision between
respiration and T wave end gave many negative results.

We could not include the results from MIT-BIH
Supraventricular arrhythmia database, because of their

different  sampling  frequencies. Although  the
transformation in the sampling frequency was done, there
was only one annotation marked by only one cardiologists.
So, this database was not included in this study due to much
more requirement in control of the proposed algorithm.
Records from Sudden Death patients in BIH database
had different T wave morphology, positive negative T-
wave. The proposed algorithm was utilized at only positive
or only negative T-wave morphology. Nevertheless, these
databases results had poor results obtained by standard
automatic annotations. In addition, T-wave morphology
was not easily discriminated even by observation. As the
same way, MIT-BIH ST change database contains records
with the high heart rate, so, the ripple in the signal is too
high level. MIT-BIH Arrhythmia database was sampled at a
different frequency, and contained a different T-wave
morphology which our algorithm could not be applied.
Additionally, these databases consisted of many premature
ventricular contraction (PVC) records which meant that RR
interval mostly changed causing to impact on QT interval
variation, and the proposed algorithm performance too.

On the other hand, the proposed algorithm did not
require the determination of isoelectric level. The algorithm
searched specific frequency energy which included T-wave
end. The algorithm was not affected by the amplitude level,
but frequency changes. It discriminated T-wave positive or
negative peaks in MIT-BIH-NSR and Long-term records.
Additionally, the decision mechanism related to finding T-
wave positive-negative was mostly affected by Q points
deflection, because some of the changes such as ST-T
elevation and PVC shifted the level of Q points. Mostly, the
other database errors were also caused because of that.

Up to now, several studies have been performed to
extract T wave end information from QT database
[2,10,18,19,20,21,22,23]. The related results are given in
Table 2.

Mean Error Standard Deviation
Laguna et. al. 18.86 29.79
Cesari et. al. -0.6 22.3
Leon et. al. -0.12 15.06
Madeiro et. al. 2.8 15.3
Manriquez et. al. 0.57 22.81
Martinez et. al. -1.6 18.1
Vilaet. al. -2.7 28
Zhang et. al. 0.31 17.43
Present Work 0.92 8.72
(only MIT-NSR)
Present Work 1.01 12.44
(whole QT
database)

Table 2. Comparison between The Published Algorithm

Table 2 shows the important information about the
automatic algorithm. Laguna et. al. [18] used threshold
detector in order to make a simple and effective algorithm
on Holter device. The results could not efficiently be
performed because of the real time application. Manriquez
et. al. [21] applied likelihood ratio to detect T wave end,
however, their study used multiple ECG signals. Some of
the methods were based on wavelet approach [19.22]. In
spite of high performance on T wave end location, there
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were no standard measurement results in order to
compare that their algorithm were clinically acceptable
or not. Generally, the derivative methods were simple
and effective in non-noisy conditions[2,18]. However,
there were too much operations to process the ECG
signals, such as requirement of isoelectric level, T
wave slope and maximum points changes. The other
algorithms reported were implemented on neural
network and mathematical modeling. So, the training
and comparing phase are highly expensive, and also
not fully automated algorithm.

The proposed algorithm was tested on two
conditions: only for MIT-BIH-NSR and MIT-Long
Term records, and the whole QT database. The
performance of the algorithm was quite sufficient in
MIT-BIH-NSR and Long-term records due to proper
waveform characteristics of ECG signals. However, the
measurement performance in evaluating the whole QT
database was degraded by some erroneous properties
such as different T wave form, absent or corrupted
waveform, excessive noise, etc. In spite of all
disadvantages mentioned earlier, the whole QT
database evaluation results attained high performance
classification.

Up to now, the standard algorithms for the detection
of QT interval were extensively studied. However, the
standard methods are not useful to produce clear
information about the cardiac situation of the patient
under some dangerous conditions. Some of the
diseases, especially in Long QT syndrome causing
sudden cardiac death, the standard deviation of the
measurement error for detecting the illness is so low
which the existing algorithms does not meet this
criteria. The presented algorithm can be performed
with the standard deviation of 8.72 milliseconds while
comparing the expert results. It is concluded that the
suggested algorithm provide a better information in
comparison with the previous studies.

On the other hand, all studies given by references
were differently evaluated in terms of mean and
standard deviation error. The calculation of the mean
error was done by summing all of the time errors
between annotation and the algorithm regardless of
their sign. This led to zero mean error if the number of
positive mean error equal to negative ones. For this
reason, the proposed algorithm was evaluated by using
the standard measurement given in [17]. According to
this study, absolute mean error and standard deviation
error could be acceptable as 15 milliseconds and 20
milliseconds, respectively. As a result, the proposed
algorithm could be considered as a diagnostic tool in
clinical applications.

Generally, manual tests had poor scores due to lack
of representative beat selections. Additionally,
automatic algorithm results may be improved by
adding representative beat controls in the classification
process.

5. Conclusions

In this study, a fully automated technique based on
CWT was proposed to measure QT intervals in various

ECG signal patterns. Especially, marking T-wave end is the
most difficult problem. In this study, CWT was firstly
applied on the ECG signals to detect Q position, and then
T-wave end location was obtained by the algorithm. The
proposed algorithm had achievements both at 15.17 ms
mean error and 17.19 ms RMS error in the automatic test
and at 19.22 ms mean error and 20.22 ms RMS error in the
manual test.

The proposed algorithm does not need any training data,
or manual intervention, and also was not influenced by
isoelectric level changes and intra-beat variations.
However, it is only performed on only positive or only
negative T-wave morphologies. Moreover, All QT-
databases were not included in the tests because of the
existence of different abnormalities and the restrictions on
the present algorithm.

In the future work, RR interval changes and selective
representative will be added to the algorithm. Additionally,
six different T-wave morphologies will be examined to
update the algorithm.

In conclusion, the results showed that the proposed
algorithm can be effectively used to attain a high
performance in the determination of QT intervals
automatically.
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