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Abstract

In this paper, a new method based on the continuous wavelet transform is described in order to detect the QRS, P and T waves.
QRS, P and T waves may be distinguished from noise, baseline drift or irregular heartbeats. The algorithm, described in this
paper, has been evaluated using the Computers in Cardiology (CinC) Challenge 2011 database and also applied on the MIT-BIH
Arrhythmia database (MITDB). The data from the CinC Challenge 2011 are standard 12 ECG leads recordings with full diagnostic
bandwidth compared to the MITDB which only includes two leads for each ECG signal. Firstly, our algorithm is validated using
fifty 12 leads ECG samples from the CinC collection. The samples have been chosen in the "acceptable records" list given by
Physionet. The detection and the duration delineation of the QRS, P and T waves given by our method are compared to expert
physician results. The algorithm shows a sensitivity equal to 0.9987 for the QRS complex, 0.9917 for the T wave and 0.9906 for
the P wave. The accuracy and the Youden index values show that the method is reliable for the QRS, T and P waves detection and
delineation. Secondly, our algorithm is applied to the MITDB in order to compare the detection of QRS wave to results of other
some works in the literature.
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1. Introduction

The automatic analysis of ECG signal and delineation of P,
QRS and T waves are widely studied in the worldwide. This
research is motivated by several reasons: The ECG signals are
used by physician to diagnose many cardiac diseases and also
as part of diagnostic of many non-cardiac pathologies, such
as autonomic malfunction, and changes appear in many vas-
cular, respiratory and even psychological dysfunctions. These
diseases have a significant economic and social cost in devel-
oped countries. The development of tools and systems allowing
the detection and the analysis of QRS, T and P waves are rele-
vant to the biomedical industry. In the literature, many methods
and tools have been developed for ECG analysis. The QRS, P
and T waves detection is a perfect example, we can cite [1–4].
Some methods are based on sparse derivatives [5], on mathe-
matical model [6], peak detection [7], on nonlinear transform
[8], on slope estimation [9, 10], on filtering [11], on correla-
tion analysis [12]. Some algorithms are based on the wavelet
transform because ECG signals are intrinsically nonstationary.
Wavelet transforms [13–18] have been applied to ECG signals
to enhance QRS detection, to delineate the ECG feature, and
to reduce computation time. An application of cross wavelet
transform for ECG pattern analysis and classification has been
described in [19]. The shapes of QRS, P and T waves are well
known and there is a gold standard in the literature. However,
time and frequency parameters of these waves depend on physi-
cal and physiological characteristics of people. There may also
be some confusions between the frequencies of useful waves
and those of noise. Therefore, the algorithm described in this

paper is based on the continuous wavelet transform (CWT)
which keeps a good frequency resolution. The majority of other
ECG delineation processes work with DWT which could lose
frequency resolution due to re-sampling at each decomposition.
This method has been applied to the Computers in Cardiology
Challenge 2011 database [20]. The reason using this database
is that it contains 12 leads for each ECG, which is used, by the
algorithm presented here, to reinforce the detection of complex
response and then avoid some misdetection due to few issues on
a lead. The data are standard 12 leads ECG recordings (leads I,
II, III, aVR, aVL, aVF, V1, V2, V3, V4, V5, and V6) with full
diagnostic bandwidth (0.05 through 100 Hz). The leads have
been recorded simultaneously for 10 seconds; each lead is sam-
pled at 500 Hz with 16-bits resolution. In this collection, fifty
samples of 12 leads ECG have been used for our tests. The sam-
ples have been chosen in the "acceptable records" list given by
Physionet. Thus, our algorithm uses all the 12 leads in order to
extract QRS, P and T waves from each ECG. This database pro-
vides also ECG from different subjects with different patholo-
gies involving irregularities in the ECG. Therefore, our algo-
rithm was tested on several special cases such as arrhythmias
and extrasystoles. Then, it was applied to the MITDB in or-
der to compare it with detection results of QRS wave previ-
ously published. The MIT-BIH arrhythmia database [21] has
48 annotated records. Each record is about 30 min length with
360 Hz sampling frequency and includes two leads. The ECG
records are compound of a variety of waveforms, artifacts, com-
plex ventricular and conduction abnormalities. Each record is
accompanied by an annotation file in which each ECG beat was
tagged by expert cardiologists. These labels, referred to as truth
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Figure 1: Example of CWT result with Daubechie 3 mother wavelet from VECG
signal plotted in the figure 2a. Scale factors vary from 1 to 100. The a0 scale
factor corresponding to the maximum of Ca,b is represented by the black arrow.

annotation and are used to evaluate the performance of our al-
gorithm. The algorithm is described in the section 2. It allows
a serially detection of the different components of the ECG sig-
nal as these components usually follows a decrease in their en-
ergies (QRS complexes contain more energy than T wave, and
T waves contain more energy than P waves. The results are
analyzed and discussed in the section 3. Finally, the section 4
summarizes our work and gives some perspectives.

2. Algorithm overview

The QRS, T and P waves allow evaluating the medical con-
dition of patients. The process consists of detect QRS com-
plex (the largest in amplitude), next the T wave, and then the
P wave (generally the smallest in amplitude) is deduced. The
algorithm based on a CWT uses a known mother wavelet (the
Daubechie wavelet) with a varying scale. The scale factor cor-
responding to the maximum of correlation between the ECG
waves and the wavelet is taken as the best one. Using this scale
factor, a threshold is determined automatically thanks to a his-
togram representation. This threshold allows to share correctly
the QRS complexes from the ECG lead. Then the algorithm is
used a second time to detect T waves. For a reliable detection,
the 12 leads of the ECG are considered in this algorithm. The
best area for each wave is determined to be the most common
to the 12 leads. In this paper, the algorithm is illustrated using
only one among the 12 leads of an ECG.

2.1. Scale parameter selection
The CWT is a time frequency analysis method which allows

arbitrarily high localization in time of high frequency signal
features. The CWT does this by having a varying window
width, which is related to the scale of observation. A large
selection of localized waveforms can be employed as long as
they satisfy predefined mathematical criteria [22, 23]. For its
practical implementation, the CWT is computed over a finely
discretized time frequency grid. This discretization involves an
approximation of the transform integral (i.e. a summation) com-
puted on a discrete grid of scales a and positions b on the time
axis. In general, the wavelet transform is approximated in this
way over each time step for a range of wavelet scales. To de-
termine each QRS and T wave, we choose the mother wavelet
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Figure 2: a) VECG signal example from Physionet collection [20]. b) CWT
transformation for the VECG signal with a0 = 38 corresponding to the maximum
of Ca,b coefficient. We can also see the representation of the difference between
maxima of Ca0 ,b coefficients during QRS complexes (cross) and maxima Ca0 ,b
coefficients during T complexes (plus) which allows the localisation of QRS
complexes. Both dashed lines are the h threshold representation for positive
and negative parts computed with the equation 2. c) Histogram of local maxima
values. We distinguish a bimodal distribution. d) VQRS result example with
mQRS mask applied on the VECG signal in (a). A reliable delineation of QRS
complexes is observed.

which gives the best results according to the reliability indexes
presented in section 3.3.1 : Daubechie 3. The use of Daubechie
wavelet is also correlated with other studies for ECG analysis
[24, 25]. The CWT is applied between the ECG lead named
VECG and a wavelet ψ (Daubechie 3 wavelet) undergoing the
scale factor a. Such as:

Ca,b(VECG(t), ψ(t)) =

∫ ∞

−∞

VECG(t)
1
√

a
ψ

(
t − b

a

)
dt, (1)

The scale factors have been chosen to go from 1 to 100 by step
of 1. This range allows the analysis of many different ECG lead
complex sizes. In the figure 1, a continuous wavelet transform
result with the above parameters is shown. The used VECG sig-
nal corresponds to that one in the figure 2(a). In order to find
the scale factor a which has a maximum of correlation with the
QRS complex in VECG, we need to estimate which scale fac-
tor corresponds to the maximal value of the CWT coefficients
matrix, named Ca,b. The best scale factor is called a0.

2.2. Mask selection

A temporal mask in the wavelet domain is now computed
using the Ca,b coefficients with a0 scale factor. It allows the
discrimination of QRS complexes in the ECG lead. In the fig-
ure 2(b), an example of a continuous wavelet transform applied
on a VECG is shown. Only five seconds out of ten have been
depicted for a better readability. In this case, the a0 scale fac-
tor was 38. It has been noticed that Ca0,b values corresponding
to QRS complexes are more important than Ca0,b values cor-
responding to T or P waves, which is not always the case in
VECG as we will see in the next section. Using this fact, QRS
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complexes can be distinguished from VECG. A threshold is cre-
ated automatically using the local maxima which is used to find
maxima coefficients during QRS and maxima coefficients dur-
ing T waves. In the figure 2(b), those maxima are represented
by crosses (during QRS) and plus (during T). In the figure 2(c),
the histogram of those maxima is plotted and shows a bimodal
distribution. The threshold sharing correctly QRS complexes
from VECG signal is located between these two distributions.
To automatically find the threshold, the centroid of these points
is computed in the histogram:

h =

∑n
i=1 xiyi∑n

i=1 yi
, (2)

where h is the centroid value, xi are the Ca0,b values, yi are
the distribution values of the Ca0,b coefficients and n represents
the histogram range. Then, once the threshold is computed,
a mask is created using

∣∣∣Ca0,b

∣∣∣ absolute coefficients values and
the threshold h. The mask is equal to 1 if

∣∣∣Ca0,b

∣∣∣ are above the
threshold, which corresponds to the QRS complexes and the
mask is equal to 0 if

∣∣∣Ca0,b

∣∣∣ are below the threshold, correspond-
ing to the T or P wave parts. Therefore,

mp =

1 if
∣∣∣Ca0,b

∣∣∣ ≥ h,
0 if

∣∣∣Ca0,b

∣∣∣ < h,
(3)

where mp is the preliminary mask which needs to be adjusted.
Indeed, seeing the Ca0,b coefficient values in the figure 2(b) with
the threshold (the dashed lines), one notices that during QRS
complexes, the mask mp has some glitches between the mini-
mum and the maximum of Ca0,b coefficients. To correct that, an
erosion algorithm (a mathematical morphology operation [26])
is applied to the preliminary mask vector and gives the final
mask named mQRS .

2.3. QRS complexes delineation

The last step to delineate QRS complexes is to multiply the
mask mQRS previously created to VECG signal.

VQRS (t) = VECG(t) · mQRS (t), (4)

An example of VQRS is shown in figure 2(d) which corresponds
to the VECG signal in the figure 2(a). As we can see, QRS com-
plexes are well delineated from VECG signal.

2.4. T and P waves delineation

After QRS complexes delineation is done, QRS complexes
are removed by subtracting VQRS from the VECG signal.

V
′

ECG(t) = VECG(t) − VQRS (t) (5)

An example is shown in the figure 3(a). Then, the previous al-
gorithm (refer to sections 2.1 and 2.2) is applied once again.
When CWT is computing again, to detect the T wave, the parts
of the signal, which have already been detected as a QRS com-
plex, are not considered anymore. Therefore, when the second
CWT is applied, fast transient added by the equation (5) are not
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Figure 3: a) V
′

ECG signal without QRS complexes corresponding to examples
in figures 2. b) Ca1 ,b coefficients from CWT with a0 scale factor. Both dashed
lines are the h1 threshold representation for positive and negative parts com-
puted from the equation 2. c)VT delineation result example. d) VP delineation
result example. A reliable delineation of T and P waves is observed.
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Figure 4: Examples of results of reliability indexes in a) for the QRS complexes,
in b) for the T waves and in c) for the P waves. The threshold is plotted with
dashed lines for each wave as the mean of the reliability index.

considered. A new scale factor a1 is computed from the equa-
tion (1) with V

′

ECG signal. In the figure 3(b), we see Ca1,b co-
efficients corresponding to the CWT of the V

′

ECG signal thanks
to a new automatically computed threshold value h. The local
maxima are represented by crosses (during T waves) and plus
(during P waves). Thanks to those local maxima, the threshold
has been computed and plotted with the dashed line. Then, the
mask mT is determined and used to find the T waves VT with:

VT (t) = V
′

ECG(t) · mT (t) (6)

An example of VT is shown in the figure 3(c) which corresponds
to the VECG signal in the figure 2(a). As we can see, T waves
are well delineated from VECG signal. The P waves are detected
as the rest of the VECG signal without QRS complexes and T
waves. In addition, the smallest remaining segments are re-
moved. An example is shown in the figure 3(d).

2.5. Combination of 12 leads ECG
Our algorithm allows the localization and delineation of each

QRS, T and P waves in an ECG lead. However, it can append
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that one or few leads have some disturbances in it. These dis-
turbances can be noise, particular heart beats inducing change
in the ECG scheme (extrasystole for instance) or even a missing
lead, which obviously leads to the impossibility to detect any-
thing. To improve the detection of the algorithm, several leads
are considered and the answer of each lead is used to compute
a reliability index which reinforces the choice of detected area.
The database from Physionet [20], used in this work, gives 12
leads ECGs which means that each patient has several ECG
electrodes on his skin. That leads to have 12 recorded ECGs
at the same time (synchronously). In cardiac diagnostic tests,
it is common to have several leads ECGs records. In order to
render the localization of QRS, T and P waves more robust, the
12 leads ECGs are used and the localization results are com-
bined. Even if few leads are unusable, the merging of the 12
leads results could determine the best area of each wave kind.
To use the 12 leads, the masks mQRS k , mTk and mPk are created
from each lead (where k = [1,12], k ∈ N). Those masks allow
the localization of the QRS, T and P waves into each lead us-
ing the algorithm described previously (refer to section 2.1 to
2.4). Therefore, if the localization result is common to the 12
leads, then there is a very strong probability that the waves are
well detected. In the other hand, if there are only few localiza-
tions among the 12 leads, then there is a low probability that
the localization result is true. A reliability index of each QRS
complex, P or T wave is then computed as the sum of the 12
leads masks:

Iw(t) =

12∑
k=1

mwk (t) (7)

where w is QRS, T or P. Therefore, IQRS is the reliability index
for QRS complexes, IT is the reliability index for T waves and
IP is the reliability index for P waves. The closest this index is
to 12, the more likely the detected localization is true. In the
opposite case, more the index is close to 0, less the probability
that the complex localization is true. In the figure 4, the results
of reliability indexes are shown (in (a) for the QRS complexes,
in (b) for the T waves and in (c) for the P waves).

An automatic threshold can be computed for each wave to be
the mean of the reliability index. In the figure 4, these thresh-
olds are marked by dashed lines. The localization of a complex
is considered true if the value of the reliability index is above
the threshold otherwise it is considered false.
The mean computation processing time of this algorithm is
0.81 ± 0.02 s for 10 s long ECG and on the 12 leads (500 Sam-
ples/s on each lead). The computation time of the algorithm
depends on several factors, as example the ECG waves mor-
phological variability, the sampling frequency, the operating
system, the computation power of the computer, the memory
and the CPU. We give some values of computation time from
litterature as example in table 1. Our algorithm is implemented
with Matlab, an implementation in C language could lead to a
decrease of this computation time by a factor 10 and even more
if a parallelization process is used. In this case, it could be im-
plemented in a real time application like a smartphone.
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Figure 5: In this figure, examples of realignment are shown for QRS complexes
(in (a) and (b)), T waves (in (c) and (d)) and P waves (in (e) and (f)). In the
subfigures (a), (c) and (e), the original waves are plotted. We see in (e) that the
P waves are desynchronised. In the subfigures (b), (d) and (f), the waves are
realigned. It is particularly visible for the P waves in (f).

2.6. Realignment of P, QRS, T waves

As shown in figure 5, the example of the ECG signal contains
eleven complete cardiac cycles. A realignment of each kind of
wave is performed. The interest of this is to have a superim-
posed view of the ECG complexes allowing a better characteri-
zation of ECG information for physician. In figure 5, examples
of layered waves are shown for QRS in (a), T in (d) and P in (g).
The realignment is performed for i equal to 2 to 11 (Obviously,
the realignment is not made for i = 1) and w is QRS, T or P.

ΓVw1i
(n) =

N∑
x=−N

Vw1 (x)Vwi (x + nTe), (8)

where x is the sample value of the signal, Te is the sample rate
and n = [−N,N], n ∈ Z where N is the number of samples in
Vwi . The maximum of ΓVw1i

gives us the n value corresponding
to the delay or the advance of the wave Vwi from the first one
Vw1 . Then, we can perform the realignment by shifting the Vwi

wave to n samples. In the figure 5, examples of layered waves
with the realignment are shown for QRS in 5(b), T in 5(d) and
P in 5(f). We see, in particular for the P waves, that the realign-
ment is well performed.

3. Results

3.1. Application to different cases

An example of results is shown in the figure 6. Only the first
two seconds are displayed for a better readability. A good dis-
crimination of each QRS complex (black lines), T wave (dark
gray lines) and P wave (pale gray lines) is observed. In the
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Table 1: Comparison of computation time.

Works ECG data Waves studied Processing time (s)
Li et al. [14] 10 min, 2 leads P-QRS-T 60

Madeiro et al. [27] 15 min, 2 leads QRS 4.52
Yeh et Wag [28] 10 min, 2 leads QRS 30

Manikandan et al. [29] 15 min, 1 lead R 2.24
Our method 10 min, 12 leads P-QRS-T 48.6
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Figure 6: Example of results with one of the 12 leads ECGs from the Com-
puters in Cardiology Challenge 2011 database [20]. We can observe a good
discrimination of each QRS complex (black lines), T wave (dark gray lines)
and P wave (pale gray lines).

figure 6, we note the algorithm is still able to detect particu-
lar waves. For example, in the lead V2, the QRS complexes
are smaller in amplitude than the T ones. In this case, standard
thresholding algorithms are not able to discriminate correctly
QRS complexes and T waves, they could be mixed up. In figure
7, four different examples are given to show several particular
cases where the determination of QRS, T and P waves could be
difficult. In the subfigure 7(a), the SNR ratio of the ECG is re-
ally poor, nevertheless the different waves are well detected by
our algorithm without any preprocessing (denoising [30], am-
plitude enhancement [31],...). In the subfigure 7(b), the T waves
are higher than the QRS ones. That could lead to mix up those
two if a thresholding technique is used directly on ECG signal.
However, in our case the thresholding is done in the wavelet
domain. The result shows that the correct complexes are de-
tected. It is possible that the baseline of an ECG is not stable.
It is the case in the subfigure 7(c). Despite that, the algorithm
shares correctly each wave without low frequencies filtering. In
the subfigure 7(d), we can see that all waves are in the same
range of amplitude which could lead to mix them. However,
the robustness of our algorithm prevents this and the results are
therefore not affected. Among the samples from the Physionet
collection, some ECGs have particular shapes. Our algorithm is
able to run even with unusable leads. A lead could be unusable
in several condition. For instances, when a lead has got an is-
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Figure 7: Example of results with some cases where the ECG complexes are
usually difficult to distinguish. a) the ECG has got a poor SNR ratio. We see
that the algorithm is able to discriminate each wave without filtering. b) the T
waves are higher than the QRS ones. These two waves could be mixed up if we
use a thresholding technique directly on the ECG signal. However, in our case
the thresholding is done in the wavelet domain. c) The baseline of the ECG is
not stable. Despite that, the algorithm share correctly each wave. d) All waves
are in the same range of amplitude and the results are not affected. QRS (black
lines), T (dark gray lines) and P (pale gray lines). The tags of the doctor have
been added with color lines: QRS (blue lines), T (red lines) and P (green lines)

sue with the associated circuitry or the connection between the
electrode and the skin is cut off or if the lead is very noisy. In
these particular cases, as our algorithm works on the 12 leads, it
gives better results. The reliability index, computed from equa-
tion 7, allows compensating the bad results of few leads de-
faults by the results of other leads, more numerous, which give
good detection. In figure 8, examples of extrasystoles which
are often present in ECG are shown. The extrasystole is ven-
tricular premature beats which is not initiated at the sinoatrial
node [32]. That induces, in the ECG, a perturbation which can
invert the QRS complex and T wave and can overlap the P wave
which vanishes from the ECG. As we see in figure 8, these dis-
turbances are correctly detected by our algorithm (see 8(a) and
8(b)). In 8(c) an arrhythmia signal is shown where the P wave
is lost in atrial fibrillation (tremulous ECG). However, our al-
gorithm delineates correctly the P wave potential localization.

3.2. Improvement of QRS, T and P waves delineation

To find fiducial points in the ECG, we add a complemen-
tary step in the delineation process. The determination of the
various intervals (e.g. RR, PP and QT intervals) and segment
(QT) requires the knowledge of boundary locations (onsets and
offsets) of the P, QRS, and T waves. Fiducial points detec-
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tion is complex due to different factors: Non-linearity, non-
stationarity, missing beats and noise in the ECG signal. The
detection process of fiducial points need morphology, geome-
try, and rhythm information as we can found in some methods
[4, 18, 33]. To complete our method, the position of fiducal
points is computed at 90 % from the maximal amplitude of P,
R and T waves after the step described in sections from 2.1 to
2.5 (see Fig .9). Thus, the boundaries (the onsets and offsets) of
the P, QRS, and T waves are defined (see Fig .10). We choose
the threshold of 90 % referring to physiologically admitted def-
inition that the action potential duration (APD) is computed at
90% of the repolarization phasis of the monophasic action po-
tential. Some works show the relationship between the APD
and some ECG waves. [34, 35]. The action potential duration
is computed from 90 % of its amplitude.

3.3. Comparison and discussion of results

3.3.1. With physician expert identification
The delineation results given by our algorithm are compared

with the results from a physician. The interest is to have the
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Figure 10: Example of delineation of P (green circles), QRS (red circles) and
T (blue circles) waves in the ECG (the onsets and the ends of each wave are
marked by black circles).

beginning and the end of each ECG wave from an expert as a
true result. The physician chooses one lead from the 12 leads
ECG and determines the onset and offset of each QRS, P or T
wave of this lead. These data are then used as true moments and
delineation points of ECG waves. Thanks to our algorithm and
the physician, two results for 12 ECG leads are obtained: the
real moments Dw(n) of QRS, T and P in the ECG tagged by the
physician and the results Aw(n) given by our algorithm. Aw(n)
and Dw(n) are equal to 1 if the QRS, T or P wave is detected and
0 (noted Aw(n) and Dw(n)) if is not, they are therefore logical
vectors. For each Aw(n) and Dw(n) pair, the coverage rate S ew

is computed (w denotes QRS, T and P waves.). This coverage
is determined as a logical AND between Aw(n) and Dw(n) di-
vided by Dw(n) as shown in the eq.(13). The coverage gives the
common result between the algorithm and the physician deter-
mination. This coverage is well known as the sensitivity which
is computed thanks to TP (True Positive), TN (True Negative),
FP (False Positive) and FN (False Negative) where

T Pw =

N∑
n=0

Aw(n) · Dw(n), (9)

T Nw =

N∑
n=0

Aw(n) · Dw(n), (10)

FPw =

N∑
n=0

Aw(n) · Dw(n), (11)

FNw =

N∑
n=0

Aw(n) · Dw(n). (12)

Those values are then scalars. Therefore, the sensitivity is com-
puted as:

S ew =
T Pw

T Pw + FNw
. (13)
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Table 2: Mean values of sensitivity, specificity, Youden index, accuracy, posi-
tive predictive value from the fifty ECG samples (CinC Challenge 2011, Phys-
ionet database).

Waves S e(%) S p(%) Y(%) Acc(%) P + (%)
QRS 99.87 98.42 98.29 98.64 91.75

T 99.17 93.21 91.38 94.83 84.46
P 99.06 91.21 90.27 92.44 83.22

S ew shows the ability of our algorithm to give the same results
as the physician. For each ECG, the specificity has been deter-
mined.

S pw =
T Nw

T Nw + FPw
. (14)

From the equations (9) to (14), the Youden Yw and the accuracy
Accw indexes can be defined:

Yw = S ew + S pw − 1, (15)

Accw =
T Pw + T Nw

T Pw + T Nw + FPw + FNw
. (16)

In order to compare our results with some results published in
literature, an additional metric is introduced a P+, positive pre-
dictive value, defined by:

P+w =
T Pw

T Pw + FPw
. (17)

Sensitivity, specificity, Youden index, accuracy and predictive
values have been performed on the database and the mean val-
ues of these indexes are given in the table 2. These indexes
show a good ability of our algorithm to detect ECG complexes.
The specificity for T and P complexes are a little bit lower.
This is due to the fact that our algorithm delineates sometimes
a larger area than the physician which induces more impor-
tant TN values. To improve our results, some other process-
ing [39, 40] could be done in order to better match durations
of T and P waves delinetated by our algorithm to a physician
delineation.

3.3.2. Validation of our algorithm with a MIT database
(MITDB)

The Table 3 shows results of some previously published
works. These results represent only the R detection obtained
from MIT database. In this table, we see that the sensitivity S e
and the predictivity P+ values, computed from our algorithm
in the QRS delineation are very close to the literature. In all
cited works of the table 3, the detection of the QRS is com-
pared to the annotations given in the MITDB that includes 48
records of two ECG leads (30 min each). We see that the to-
tal number of beats (R positions) is variable (see a,b,c,d,e,f,g
indicate the different total number of beats used in the differ-
ent works cited in the Table 3). In some works labeled by (a)
in the Table 3, the number of true beats (TP) detection is not
reported (N/R). The total number of beats of the 48 records in
(a) is higher than in the MITDB: 109963 (+48 beats if the first
line of each record is included). The work labelled (b) in the

Table 3 has the exact beats number in the MITDB. The record
207 has a data segment showing non identifiable patterns. Note
that these intervals are annotated by exclamation marks (!) in
the MITDB. If these parts are excluded to the record 207, the
total number of beats corresponds to the works labelled (c) in
the Table 3 (109963 − 472 beats with a variation of ± 3 beats).
In the works labelled (d, e, f ), the total number of beats is lower
than the MITDB due to some selection criteria applied to some
of the 48 records. As example, we find details in [3], "some
segments with saturation are replaced by those of the other lead
(eg, record 116: 1354.2 s to 1361.9 s)". This kind of data se-
lection improves probably the detection result as we can see in
the table 3. In this context, considering only two leads, if signal
of one lead is not usable, the result of QRS detection could be
questionable. Then, our algorithm based on the analysis of the
twelve ECG leads can improve the result of QRS detection be-
cause a large choice of leads (12 leads) can be used. Although,
our method uses only two leads, detection results can be im-
proved, in particular when a lead has failed.

4. Conclusion

In this paper, a new QRS, T and P waves delineation method
is proposed. This algorithm is performed with the CWT and
the histogram representation to determine a mask selection of
the QRS, T and P waves. It has been tested with the Computers
in Cardiology Challenge 2011 database and the MIT-BIH Ar-
rhythmias database. It can simultaneously delineate the QRS,
T and P patterns on each ECG lead. The results show a local-
ization of the QRS, T and P waves into an ECG signal which
is quantified through different indexes as sensitivity and accu-
racy. Our algorithm has been tested on different particular cases
where it is difficult to determine rigorously each wave posi-
tion. It is the case for noisy signals, baseline and magnitude
issues and disturbances (extrasystole and arrhythmia). In or-
der to improve our algorithm, a delineation step allowing the
boundary locations (onsets and offsets) of P, QRS, and T waves
is proposed. We also show that the fact of using a 12 leads
ECG allows a good determination of complexes location for
those particular cases. In our validation step, the computation
of the quality indexes (from TP, TN, FP and FN) are based on
the determination of onsets and offsets for each complex in the
ECG from a physician. Therefore, those results depend on the
subjectivity of the physician. However, the determination of
complexes is well known from physician and their localization
should not be so much affected from a physician to another. The
sensitivity and the predictivty values of the QRS detection are
close to previously published results in the case of the MITDB
database.
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