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a b s t r a c t

We have developed a long-term cardiorespiratory sensor system that includes a wearable sensor probe
with adaptive hardware filters and data processing algorithms (Choi & Jiang, 2006, 2008). However,
the data processing algorithm proposed for the R–R interval (RRI) information extraction did not work
well in the case of ECG signals with baseline shifts or muscle artifacts. Furthermore, many false ECG beats
were extracted due to a weak decision-making scheme. Then, those false beats produced irregular RRI
information and erroneous heart rate variability results. Modification of data processing algorithm was
strongly needed. Therefore, this work presented an efficient ECG beat segmentation method using an
irregular RRI checkup strategy into five sequential RRI patterns. This algorithm was comprised of signal
processing stage and ECG beat detector stage. The signal processing included the wavelet denoising, the
baseline shift elimination by 20 Hz lowpass filter and the envelope curve extraction by a single degree of
freedom analytical model. The ECG beat detector included the candidate ECG beat detection and segmen-
tation by one threshold and by irregular RRI checkup strategy, respectively. In particular, four abnormal
RRI patterns were proposed to find out false ECG beats. The MIT-BIH arrhythmia database was selected as
the dataset for testing the proposed algorithm. The proposed irregular RRI checkup strategy estimated
5463 beats to the suspected false beats and succeeded in segmenting 96.19% (5255 beats) of them.
The performance results showed that our algorithm had very good results such as the detection error
of 0.54%, sensitivity of 99.66% and positive predictivity of 99.80%. Furthermore, our algorithm showed
very high accuracy as the mean time error between the beat annotations of the database and our obtained
beat occurence times was 7.75 ms.

� 2009 Elsevier Ltd. All rights reserved.
1. Introduction

The electrocardiogram (ECG) is the oldest and most commonly
used cardiology method. Einthoven introduced methods of cali-
brating and correcting records obtained from the capillary elec-
trometer, and predicted finally an ECG signal. The notation of
ECG waveform suggested by Einthoven is in use until today, i.e.,
PQRST consisting mainly of P wave, QRS complex and T wave.
The ECG generally needs to be recorded over a long-term because
certain abnormalities might occur during sleep or with mental and
emotional changes in cardiac function (Choi & Jiang, 2006, 2008).
Therefore, ambulatory ECG recordings are used in clinical and the-
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oretical researches to detect and characterize occurrences of
abnormal cardiac electrical behavior during ordinary daily activi-
ties (Kadish et al., 2001).

In the ECG, QRS complex may be the most significant feature
among all ECG features. The QRS complex detection provides
important information for instantaneous heart rate computation
because the accuracy of instantaneous cardiac cycle estimation re-
lies on its performance (Clifford, Azuaje, & McSharry, 2006). How-
ever, it is difficult to implement the algorithm to identify the QRS
complexes since QRS complexes are varying with the physiological
variability and affected easily by the various noise sources such as
motion artifact, 50/60 Hz power interference, baseline shift, T wave
and more.

Therefore, in order to improve the accuracy of the QRS com-
plex segmentation, many different approaches have been re-
ported in literature, i.e., Hilbert transform (Benitez, Gaydecki,
Zaidi, & Fitzpatrick, 2001), moving average filter or wavelet deno-
ising (Chen, Chen, & Chan, 2006; Christov, 2004), phase portraits
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(Cvikl, Jager, & Zemva, 2007; Lee, Kim, Lee, Lee, & Lee, 2002), ge-
netic algorithm (Poli, Cagnoni, & Valli, 1995), hardware filter
banks (Afonso, Tompkins, Nguyen, & Luo, 1999), R–R interval
(RRI) (Christov, 2004; Pan & Tompkins, 1985) and the morpholog-
ical processing (Hamilton & Tompkins, 1986; Pan & Tompkins,
1985; Paoletti & Marchesi, 2006). Most approaches related to
the QRS complex detection can mainly be divided into two stages
as signal processing and QRS detector based on one or more
threshold values (THVs). The major signal processing and detector
methods, together with our method proposed in this study, are
summarized in Table 1. For the signal processing stage, Benitez
et al. (2001) presented the use of the first differential of the
ECG signals and its Hilbert transform (Bolton & Westphal,
1981). Christov (2004) used the summation and differentiation
processes of the noise-canceled signals by moving average filter
for one or more ECG leads. Sequential filtering method such as
wavelet denoising, moving average filter based highpass filter
and lowpass filter was proposed by Chen et al. (2006). Lee et al.
(2002) and Cvikl et al. (2007) tried to process the ECG signals
by using phase portraits based on delay-coordinate mapping
method. Poli et al. (1995) proposed the polynomial filters. Afonso
et al. (1999) designed a signal processing algorithm based on fil-
ter bank strategy. Finally, the morphological approaches such as
slope and amplitude by derivative and squaring or integration
processing were used by Pan and Tompkins (1985), Hamilton
and Tompkins (1986) and Paoletti and Marchesi (2006). For the
detector stage, on the other hand, approximation (Benitez et al.,
2001), one adaptive THV (Benitez et al., 2001; Chen et al.,
2006), multi-adaptive THVs (Afonso et al., 1999; Christov, 2004;
Cvikl et al., 2007; Hamilton & Tompkins, 1986; Lee et al., 2002;
Pan & Tompkins, 1985; Paoletti & Marchesi, 2006; Poli et al.,
1995) and rule-based decision system (Cvikl et al., 2007; Hamil-
ton & Tompkins, 1986; Lee et al., 2002) were frequently used to
search the QRS complexes. However, most approaches are com-
plex and are involved with high computational costs because of
using complicated checkup strategy and multiple THVs in the
decision-making stage. Some approaches might be inapplicable
in real time.

In this paper, we introduce a simple ECG beat segmentation
algorithm. The method consists of two stages such as signal pro-
cessing and ECG beat detector. In the signal processing stage, the
wavelet denoising and lowpass filter approaches are used to cancel
the unwanted components corrupted in the ECG. Then the enve-
lope curve is calculated. In the ECG beat detector stage, the candi-
date ECG beats are extracted first by applying one adaptive THV to
the extracted envelope curve. However, these candidate beats may
include many spurious beats and the resulting RRI information
may produce irregular time duration as short or long. Thus, to filter
out those suspected false beats, an irregular RRI checkup strategy
via the five most-recent sequential RRI patterns is introduced.
The abnormal patterns with one or more irregular RRIs showed
Table 1
Summary of various researches for ECG beat segmentation.

Author Major signal processing method

Benitez et al. (2001) Hilbert transform and 1st differential
Christov (2004) Moving average filter
Chen et al. (2006) Wavelet denoising and moving averag
Lee et al. (2002) Phase portrait and lowpass filter
Cvikl et al. (2007) Phase portrait and bandpass filter
Poli et al. (1995) Polynomial filter
Afonso et al. (1999) Filter bank
Pan and Tompkins (1985) Morphological processing
Hamilton and Tompkins (1986) Morphological processing
Paoletti and Marchesi (2006) Morphological processing
Our algorithm Wavelet denoising and lowpass filter
four possible combinations. Furthermore, the MIT-BIH arrhythmia
database is used to test and validate the efficiency of our algorithm.
The performance results showed that our algorithm is successful in
detecting correctly 99.46% of the ECG beats. The sensitivity and po-
sitive predictive rate are 99.66% and 99.80%, respectively. In the
segmentation step, 5463 suspected false beats are detected and
5255 beats among them were segmented and recalcualted. Our
performance results and other researches’ results were also com-
pared for validating the efficiency of our simple ECG beat segmen-
tation algorithm.

2. MIT-BIH arrhythmia database

In this study, the MIT-BIH arrhythmia database (MITDB) (MIT-
BIH Arrhythmia Database, 2008) was used as the dataset of ambu-
latory ECG monitoring. The MITDB contains 48 records obtained
from 47 subjects that consist of 25 males aged 32–89 yr and 22 fe-
males aged 23–89 yr. Each record is slightly over 30 min long and
consists of the upper and lower leads. Since normal QRS complexes
might be usually prominent in the upper lead, the upper lead was
used as a default. Each ECG recordings were digitized at 11 bit-
depth and 360 Hz. The MITDB includes the annotation information
for each record, i.e., rhythm labels, signal quality labels, and com-
ments and the time index of occurrence of each QRS complex. The
annotated time indices for each record were used for validation of
our algorithm.

Fig. 1 plots four example waveforms and the ECG beats of the
records 101, 222, 104 and 203, selected from the MITDB. Fig. 1a
and b shows the original ECG waveforms for the records 101 (a fe-
male aged 75 yr) and 222 (a female aged 84 yr). Fig. 1a is a case
with severe abrupt change in potential and Fig. 1b is an ECG signal
with the influence of the respiratory related rhythms and muscle
artifacts. Marks ‘�’ indicate the normal beats. Fig. 1c and d shows
the original ECG waveforms for the records 104 (a female aged
66 yr) and 203 (a male aged 43 yr). Fig. 1c is an ECG signal with
the influence of muscle artifacts. The fusion of paced and normal
beats is marked by ‘}’ and the unclassifiable beats are marked by
‘�’. Fig. 1d is a case with QRS morphology changes due to axis
shifts, and with the influence of muscle artifacts and baseline
shifts. Marks ‘�’ and ‘}’ indicate the normal beats and premature
ventricular contractions (PVCs), respectively. From Fig. 1, it seems
difficult to discriminate clearly the ECG beats from the cases with
serious distortion of the ECG caused by considerable noises (Fig. 1c
and d), as compared with less noisy signals (Fig. 1a and b). Further-
more, it is obvious that those unwanted components lead to low
performance results in the ECG segmentation. Thus, some adaptive
data processing and robust detection algorithms should be consid-
ered and applied to the case of the ECG contaminated with baseline
shifts, muscle artifacts and noises. However, most approaches are
somewhat complex and need high computational costs due to
multiple THVs and complicated detection rules. And then, in order
Major detector

One adaptive THV and 1st approximation
Combined three adaptive THVs or RRI

e filter One adaptive THV
Two THVs, refractory blanking and search back
Two THVs, refractory blanking and search back
Three adaptive THVs
Three THVs and timing information
Four adaptive THVs and the average RRI information
Three adaptive THVs, refractory blanking and search back
Four adaptive THVs and cluster analysis
One adaptive THV and RRI patterns



Fig. 1. Plots of the ECG waveforms and ECG beats for (a) MITDB record 101: 173–
179 s, (b) MITDB record 222: 1102–1114 s, (c) MITDB record 104: 310–322 s and (d)
MITDB record 203: 598–610 s. Marks ‘�’, ‘}’, ‘�’ and ‘}’ indicate the ECG beats.

Fig. 2. Schematic diagram of the ECG beat segmentation method.

5210 S. Choi et al. / Expert Systems with Applications 37 (2010) 5208–5218
to get more high performance, simple and powerful data process-
ing algorithms and ECG beat detection algorithms are described in
the next section.
3. ECG beat segmentation method

The algorithm automatically generates the ECG beats from the
ambulatory ECG monitoring dataset. Fig. 2 shows an overview of
the proposed ECG beat segmentation method via RRI patterns.
The whole algorithm can be divided into two main stages such
as signal processing and ECG beat detector.

3.1. Signal processing

In general, the ECG signals have very small signal amplitude and
power so that the quality of the ECG is degraded by noises such as
high-frequency random noises caused by the equipment or power
lines, low-frequency baseline shift caused by respiration and body
movements, motion artifacts caused by body movements and poor
electrode contact, etc. Therefore, appropriate signal processing
manner is demanded first to improve the signal-to-noise ratio
(SNR) of the ECG for more accurate segmentation and analysis. This
stage includes signal preprocessing step by wavelet denoising,
baseline shift elimination step by lowpass filter and envelope curve
extraction step by an analytical model (Jiang & Choi, 2006). Details
of this stage are explained in the next three subsections.

3.1.1. Preprocessing
Basically, a one-dimensional model of the ECG with additive

noises can be approximated as follows:

ecgxðtÞ ¼ ecgf ðtÞ þ eðtÞ ð1Þ

where ecgx(t) is the noisy ECG signal with 11 bit-depth and 360 Hz
sampling frequency, ecgf(t) is the denoised ECG signal and e(t) is
the Gaussian white noises. Herein, the noisy ECG ecgx(t) can be rep-
resented by the wavelet coefficients decomposed from the discrete
wavelet transform. The key of the wavelet denoising is to filter out
the wavelet coefficients produced by noises, particularly the detail
coefficients corresponding to high-frequency components (Donoho
& Johnstone, 1994). The optimal denoising requires a more subtle ap-
proach called thresholding to involve discarding only the portion of
the detail coefficients that exceeds a certain limit. It is obvious that
the choice of thresholding functions and threshold values directly
influences the efficiencies of the denoising algorithm. For example,
too high a threshold could destroy many detail components of the
original signal, while too low a threshold could not achieve the ex-
pected denoising effects. Thus, appropriate threshold values should
be chosen and applied to the detail coefficients. In general, four
threshold selection rules, i.e., universal, minimax, Stein’s unbiased
risk estimator and hybrid, and two threshold functions, i.e., hard
and soft, have been frequently used for noise reduction. In this study,
the Daubechies Db10 type wavelet was selected as a mother wavelet
(Singh & Tiwari, 2006) and the ECG signal was decomposed at scale 4.
The universal threshold was selected as a threshold selection rule and
the soft threshold function was applied to the detail coefficients.

3.1.2. Elimination of baseline shift
After preprocessing through wavelet denoising, the denoised

ECG ecgf(t) may be still contaminated with artifacts and noises,
particularly a baseline wander. The baseline wander cancellation
is an important processing phase for not only the ECG signal seg-
mentation task but above tasks. Some interesting methods to can-
cel the baseline wander have been reported in literature
(Boucheham, Ferdi, & Batouche, 2005; Sayadi & Shamsollahi,
2007; Sömmo, 1993; Van Alste & Schilder, 1995). However, most
works require a long computational time and an enormous volume
of data caused by using many features and complex steps. Then, a
simple and powerful baseline shift elimination method via lowpass
filter approach is proposed in following.
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Since the QRS complex is the most significant and recognizable
feature of an ECG waveform, just QRS complex was considered as
the ECG while the other features were ignored. Furthermore, the
QRS complex could be thought of as a pulse signal. Then the nor-
mal ECG can be simply expressed by a periodic pulse signal. For
example, in case of typical ECG signals in sinus rhythm at a heart
rate of 60 bpm for a healthy adult male, let the denoised ECG
ecgf(t) be the periodic pulse signal with the pulse width (80 ms),
the period (1 s) and the amplitude (1 mV) (Clifford et al., 2006).
Fig. 3a represents the noisy ECG ecgx(t) for case of SNR = 29.27 dB
(experimentally). When it applies wavelet denoising and a second-
order Butterworth lowpass filter with a cutoff frequency of 20 Hz
to ecgx(t), the resulting lowpass-filtered signal ecglp(t) is shown
in Fig. 3d. Herein, we are concerned about the signal canceled by
lowpass filter. In other words, we can think of the lowpass-filtered
signal ecglp(t) as a baseline wander, ecgblw(t) = ecglp(t). Therefore,
the baseline-canceled signal ecgqrs(t) can be expressed by

ecgqrsðtÞ ¼ ecgf ðtÞ � ecgblwðtÞ: ð2Þ

Fig. 3g shows the output ECG signal ecgqrs(t). It shows obviously
that the locations of positive and negative peaks in output (Fig. 3g)
exactly correspond with those of rising and falling edges of the
pulse signal (Fig. 3a). In detail, two cases of the MITDB are demon-
strated. Fig. 3b shows the preprocessed signals for a case with
abrupt change in potential. Fig. 3c shows the preprocessed signal
for a case with large respiratory related variation. Fig. 3e and f
shows the corresponding extracted baseline noises. The proposed
outputs are shown in Fig. 3h and i. It can be observed from Fig. 3
that there are no baseline shift artifacts such as abrupt changes
and respiratory variations in the outputs. Furthermore, the loca-
tions of beats in the output signals are equivalent to those of the
QRS complexes of the preprocessed signals, see marks ‘�’. In addi-
tion, there is a time delay in outputs because of the low-frequency
filter. From the empirical experiments, the relative time delay Dt is
13.8 ms (five points) in case of 20 Hz lowpass filter. So the final
resulting signal can be given by ecgoutðtÞ ¼ ecgqrsðt þ DtÞ.
3.1.3. Extraction of envelope curve
The output ecgout(t) of the baseline elimination step is inputted

into the envelope curve extraction step. The envelope is useful for
simplifying a signal and it is able to give passable information on
Fig. 3. Process of the proposed baseline shift cancellation. (a) The periodic pulse signals e
and (g, h, i) the output signals ecgqrs(t). The dotted lines indicate the locations of the
respectively.
investigating intrinsic characteristics of the ECG. Then in behalf
of more simple searching process in the ECG beat detector stage,
the cardiac sound characteristic waveform extraction method pro-
posed for the heart sound analysis was used. That is, assume that
the mass, the coefficient of the spring and the damping coefficient
of the damper in single degree of freedom analytical model are M,
K, and C, respectively. Denote the signal ecgout(t) as the input sig-
nal. The output response e(t) is then given by

M€eðtÞ þ C _eðtÞ þ KeðtÞ ¼ ecgoutðtÞ; ð3Þ

which can be expressed as

€eðtÞ þxf _eðtÞ þ f2eðtÞ ¼ ecgoutðtÞ=M; ð4Þ

where x is the resonant angular frequency coefficient x ¼ ðK=MÞ0:5

(rad/s) and f is the damping rate coefficient f ¼ 0:5 CðK=MÞ�0:5 (%).
These parameters were set by x ¼ 62:8 rad=s and f ¼ 70:7% as a
default. In order to compensate time delay caused by a low angular
frequency, it was reapplied in reverse directions so that there was
no time delay in the resulting signal e(t).

3.2. ECG beat detector

After signal processing, the processed signal enters the detector
stage. The ECG beat detector stage as shown in Fig. 2 consists of
two steps such as the detection of the candidate ECG beats by
one THV scheme (Chen et al., 2006; Choi & Jiang, 2008; Hamilton
& Tompkins, 1986) and the segmentation of those beats by an
irregular RRI checkup strategy. Details of this stage are described
in the next two subsections.

3.2.1. Detection of ECG beats
First of all, in order to perform the decision-making for extract-

ing the ECG beats, one adaptive THV method was applied to the
envelope curve e(t). That is, a thresholding scheme for searching
the QRS complexes can be formulated as:

if eðtÞP aTHV) QRS complex;
if eðtÞ < aTHV) None;

ð5Þ

where aTHV is the adaptive THV. Herein, the new aTHVnew is up-
dated locally by
cgx(t), (b, c) the preprocessed signals ecgf(t), (d, e, f) the extracted baseline ecgblw(t),
QRS complexes. Marks ‘�’ and ‘s’ indicate the real and spurious QRS complexes
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aTHVnew ¼ mwf þ aTHVoldð1� f Þ; ð6Þ

where m is the maximum amplitude within a window (t � 2 s to
t + 2 s) from the current time t, w is the weighting coefficient which
means the degree of the contributions for calculating adaptive THV
and f is the forgetting coefficient which is employed in order to re-
duce influence of the old value of an adaptive THV. In this work, the
adaptive THV calculation was achieved by the forgetting and
weighting coefficients set by f = 0.5 and w = 0.25–0.65. At next,
the data points in the raw ECG waveform ecgx(t) corresponding to
the detected adaptive THV points are labeled as candidate ECG
beats.

As an example, Fig. 4a and b plots the calculated envelope
curves and aTHVs for the MITDB record 101 and 222, respectively.
Each adaptive THV is calculated by the weighting coefficients
w = 0.3 and 0.5 for the records 101 and 222. Fig. 4c and d is the en-
larged waveforms corresponding to the ranges of 162–180 s for re-
cord 101 and 1300–1318 s for record 222. It can be shown from
Fig. 4 that an adaptive THV is very sensitive parameter according
Fig. 4. Plots of the envelope curves e(t) and adaptive THVs ‘�;’ for (a) MITDB record
101, (b) MITDB record 222, (c) MITDB record 101: 162–180 s and (d) MITDB record
222: 1300–1318 s.
to local maximum amplitude m. Furthermore, it is possible to de-
tect more accurate beats by using adaptive THV scheme as com-
pared with constant THV scheme.

In addition, the candidate beats extracted in this step could in-
clude many spurious beats caused by improper THV selection,
irregular P waves or T waves, noises and more. Therefore, these
false beats may produce short or long RRIs, defined by the time
duration between the two consecutive ECG beats. Also, those false
beats prevent clinicians from utilizing the QRS complex informa-
tion for facilitating medical diagnosis so that the suspected false
beats should be rejected and recalculated. Therefore, the next step
describes how to search and remove the suspected false beats from
the candidate beats.

3.2.2. Segmentation of ECG beats
A remarkable difference between false and true beats is that the

RRI information calculated from false beats may lead to irregular
timing even though RRI generally displays strong variability (Schä-
fer, Rosenblum, Hans-Henning, & Kurths, 1999). For example, in
Fig. 4c or Fig. 3h, our algorithm would estimate even two spurious
peaks (marked by ‘s’) to the ECG beat. However, it shows obvi-
ously that the two peaks are not the QRS complexes and are false
beats caused by the occurence of severe abrupt change. Thus, the
lower and upper limits for RRI are demanded to identify whether
an extracted beat is true or false, particularly a lower limit. At-
tempts to segment the ECG beats by means of a lower limit have
been reported in literature, i.e., <200 ms (Benitez et al., 2001; Cvikl
et al., 2007; Lee et al., 2002; Li, Zheng, & Tai, 1995), <240 ms
(Meyer, Gavela, & Harris, 2006), <278 ms (Yu & Chou, 2008),
<300 ms (Nagin & Selishchev, 2001) and <360 ms (Pan & Tompkins,
1985). Then, we propose the irregular RRI checkup strategy which
is based on a rule that RRI with the range of <300 ms is considered
as irregular.

Consider a data series of the candidate ECG beats (R peaks),
rp(i), i = 1, . . . , I, calculated in the previous step. The successive RRIs
are then defined as

rriðjÞ ¼ rpðiþ 1Þ � rpðiÞ; j ¼ 1; . . . ; J; ð7Þ

where J is the number of RRIs, J = I � 1. The cost function g(j) of RRI
is binary, given by

gðjÞ ¼
p if rriðjÞP 300 ms;
n if rriðjÞ < 300 ms;

�
ð8Þ

where ‘p’ is the acceptable RRI (one), and ‘n’ is the suspected RRI
(zero). Herein, we can consider a data series of U ¼ fu1; . . . ;ul; . . . ;

umg with c successive RRIs, where ul ¼ ½u1; . . . ;uk; . . . ; uc�l given by

ul ¼ ½rriðjl � 2Þ; rriðjl � 1Þ; rriðjlÞ; rriðjl þ 1Þ; rriðjl þ 2Þ�; ð9Þ

where jl is the RRI index of the detected lth irregular RRI. From the
literatures, Hamilton and Tompkins (1986) used eight data points
and Chernoff, Lee, Moody, and Mark (1981) six data points, even
though they made use of them for different purposes such as RRI
prediction or search back detection. Pan and Tompkins (1985) con-
sidered that if the average value of the eight sequential RRIs regard-
less of their values is between the acceptable low and high RRI
limits, then those RRIs are regular (true). They concluded that this
is the case for normal sinus rhythm. Christov (2004) used two adja-
cent RRIs for detecting the missed QRS complexes and showed that
the RRI checkup strategy leads to better QRS segmentation results,
i.e., an improvement in sensitivity of 0.05%. Then, we selected the
six sequential data points, in other words, the five RRI sequences.
Only ‘ppppp’ pattern is considered as the normal pattern. In case
of the abnormal pattern, a fiducial RRI u3;l that means irregular
RRI rriðjlÞ is always false and two preceding RRIs ½u1;l;u2;l� are always
true. Thus, four possible combinations in the data set ul can be con-



Fig. 5. Normal RRI pattern.
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sidered as ‘ppnpp’, ‘ppnpn’, ‘ppnnp’ and ‘ppnnn’. Notice that these
possible combinations will surely include one or more suspected
irregular RRIs, particularly one false beat for ‘ppnpp’ pattern, two
false beats for ‘ppnpn’ and ‘ppnnp’ pattern, and three or four false
beats for ‘ppnnn’ pattern, see Fig. 6.

For the normal pattern as shown in Fig. 5, we are able to con-
sider two cases such as a case with successive constant RRIs
(Fig. 5a) and a case with successive variable RRIs (Fig. 5b). Actually,
most normal patterns may be Fig. 5b rather than Fig. 5a, in other
words, Fig. 5a is somewhat ideal case, u1;l ¼ u2;l ¼ u3;l ¼ u4;l ¼ u5;l.
In particular, the case with time-varying morphological changes
caused by PVCs often shows the pattern like figure (b). In our algo-
rithm, this pattern ‘ppppp’ is passed.

For the abnormal pattern as shown in Fig. 6, we are able to con-
sider four RRI patterns such as ‘ppnpp’ (Fig. 6a and b), ‘ppnpn’
(Fig. 6c and d), ‘ppnnp’ (Fig. 6e and f) and ‘ppnnn’ (Fig. 6g and h).
At first, the algorithm checks the 4th and 5th RRIs of the suspected
abnormal pattern set ul. And then, if u4;l is true, then the pattern set
ul is ‘ppnpp’ or ‘ppnpn’ pattern because u3;l is false, else it is ‘ppnnp’
or ‘ppnnn’ pattern. Also, if u5;l is false then it is ‘ppnpn’ pattern, else
‘ppnpp’ pattern. Herein, each pattern might be divided into two
cases, that is, the ‘ppnpp’ pattern can have two combinations: (1)
case-1 is that a suspected false beat is located in the right side of
a fiducial RRI, u2;l � s ¼ u3;l þ u4;l (Fig. 6a) and (2) case-2 is that a
suspected false beat is located in the left side of a fiducial RRI,
u1;l � s ¼ u2;l þ u3;l (Fig. 6b). Thus, for the top panels of Fig. 6,
case-1 corresponds to ‘ppnpp’ pattern with the 4th false beat and
Fig. 6. Four possible abnormal combinations such as ‘ppnpp’, ‘ppnpn’, ‘ppnnp’ and ‘ppnn
lines indicate true and false beats respectively.
case-2 corresponds to that with the 3th false beat. A difference be-
tween case-1 and case-2 is that where a false beat from a fiducial
RRI locates. So, once the algorithm decides on the pattern type, it
tries to distinguish between the two cases by means of two condi-
tions as follows:

ju2;l � ðu3;l þ u4;lÞj < s; ð10Þ
ju1;l � ðu2;l þ u3;lÞj < s; ð11Þ

where s is the acceptable difference between the adjacent RRIs.
Thus, if Eq. (10) is satisfied and Eq. (11) is dissatisfied then a pattern
is case-1, conversely, if Eq. (11) is satisfied and Eq. (10) is dissatis-
fied then a pattern is case-2. The difference s between the adjacent
RRIs has a direct influence on identifying whether the suspected or
recalculated RRI is acceptable or not. With the experimental results
of an influence on the ECG beat segmentation, the time gap was set
by s ¼ 83:3 ms. Then, those false beats are rejected and the adjacent
RRIs bounded with the estimated false beats are recalculated and
are allocated to a new buffer, i.e., u3;l þ u4;l ) u3;l for Fig. 6a and
u2;l þ u3;l ) u2;l for Fig. 6b. Also, other upper RRIs are shifted to
the left, like a bit shift operation in the assembly language. As a re-
sult, the updated RRI u3;l or u2;l is compared to the lower RRI limit,
then the process continues to find out the next abnormal RRI. These
bit operations are illustrated in Fig. 7a and b. Both the resulting cost
functions gðulÞ are ‘ppppx’, where ‘x’ is ‘p’ or ‘n’. So, the next fiducial
RRI u3;lþ1 may be the 5th cell (‘x’) in which is determined by its cost
function. Finally, for other patterns such as ‘ppnpn’, ‘ppnnp’ and
n’ patterns. Left panels are case-1 and right panels are case-2. The solid and dotted
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‘ppnnn’, the same process as used for a ‘ppnpp’ pattern is applied to
them, see Fig. 7.
4. Evaluation results and discussions

The proposed ECG beat segmentation method was tested on all
48 records from the MITDB. The performance was assessed by the
sensitivity (SEN), positive predictive rate (PPR), detection error rate
(DER) and mean time error (MTE), defined as

SEN ¼ TP
TPþ FN

; ð12Þ

PPR ¼ TP
TPþ FP

; ð13Þ

DER ¼ FNþ FP
TPþ FN

; ð14Þ

MTE ¼
PTP

i¼1jTANNi � TSEGij
TP

; ð15Þ

where TP is the number of true positive detections, FN is the num-
ber of false negative detections, FP is the number of false positive
detections, TANN means the time index of the annotation (ANN)
beats for each record, and TSEG means the time index of TPs seg-
mented by our algorithm. These measures were determined by
the decision-making rule that a beat is true when it is detected
within 100 ms from the annotated time for each record, otherwise
Fig. 7. Illustration of the operation of the ECG beat segmentation with respect to four ab
fiducial RRIs, particularly the next fiducial RRI u3;lþ1 is decided by its cost function.
false (Meyer et al., 2006). In particular, the sensitivity was used
for evaluating the ability of the algorithm to detect true beats, the
positive predictivity was used for evaluating the ability of the algo-
rithm to discriminate between true and false beats, and both the
detection error rate and mean time error were used for evaluating
the accuracy of the algorithm. In order to access the performance
of the segmentation step, we also used two measures such as DFB
and SFB, which mean the numbers of the suspected and segmented
false beats, respectively.

Examples of the ECG waveforms and beats used in the irregular
RRI checkup strategy are illustrated in Fig. 8. Fig. 8a and b shows
the normal pattern, selected from the record 100 and 201, respec-
tively. Fig. 8a represents the normal sinus rhythm with constant
RRIs and Fig. 8b represents the PVCs with variable RRIs. The cost
function of both cases is ‘ppppp’ (marked by ‘�’) and they are then
passed in our irregular RRI checkup strategy. Fig. 8c and d shows
the abnormal ‘ppnpp’ pattern, selected from the records 208 and
203. The irregular checkup strategy suspects both the 3th RRIs as
irregular, particularly the 4th false beat for Fig. 8c (case-1) and
the 3th false beat for Fig. 8d (case-2). Then, those false beats ‘s’
caused by the isolated QRS-like artifacts were rejected by our algo-
rithm. Fig. 8e and f shows the abnormal ‘ppnpn’ pattern with the
3th and 5th irregular RRIs. Fig. 8e is the case-1 (record 101), the
4th and 6th beats caused by severe abrupt change are estimated
to be false and Fig. 8f is the case-2 (record 105), the 3th and 5th
beats caused by the isolated QRS-like artifacts are estimated to
normal RRI patterns. The light and dark shaded cells indicate the current and next
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be false. Also, those spurious beats ‘s’ are deleted by our algo-
rithm. Fig. 8g and h shows the abnormal ‘ppnnp’ pattern with
the 3th and 4th irregular RRIs, selected from the records 203 and
105. Our segmentation algorithm estimates the 4th and 5th beats
to be false for Fig. 8g and the 3th and 5th beats to be false for
Fig. 8h. Fig. 8i and j shows the ‘ppnnn’ pattern with the 3th to
5th irregular RRIs selected from the record 104. In particular, the
segmentation results for the records 104, 105 and 203 with the
changes in signal quality as shown in Fig. 8g–j are worse than those
for other records. In addition, two patterns ‘ppnnp’ and ‘ppnnn’
among the proposed four abnormal patterns were caught fre-
quently in the records with a high amount of artifacts and noises.

With the proposed irregular checkup strategy, the segmentation
results for the record 217 (a male aged 65 yr) are plotted in Fig. 9.
Fig. 9a shows the RRI information calculated from the candidate
beats of 3360 and Fig. 9b shows the RRI information calculated
from the beats segmented by our algorithm. An 1156 beats among
Fig. 8. Example of ECG signals and the corresponding segmented ECG beats with respect
like (c, d) ‘ppnpp’ pattern, (e, f) ‘ppnpn’ pattern, (g, h) ‘ppnnp’ pattern and (i, j) ‘ppnnn’
3360 beats were estimated to be false and 1155 beats were fixed.
The algorithm concluded that 2205 beats including 2203 true posi-
tive and two false positive beats are true, see Table 2. The record
217 includes 1542 paced beats. It can be measured that our algo-
rithm sometimes recognizes not only R wave of the ECG waveform
but also the end point of the QRS complex referred to as the J point
(Clifford et al., 2006; Quaglione et al., 2005) as an ECG beat. So,
these paced beats distributed at approximately 100 ms as shown
in Fig. 9a were estimated to be false. As a result, it could be con-
cluded that the segmented RRI results (Fig. 9b) are acceptable for
facilitating medical diagnosis, compared with the non-segmented
RRI results (Fig. 9a).

The performance results of our algorithm for all records of the
MITDB are summarized in Table 2. The algorithm produced 594
false beats including 218 false positive beats and 376 false negative
beats, and succeeded in detecting correctly 99.46% of the ECG
beats. In detail, we were able to achieve very high results such as
to one normal RRI pattern like (a, b) ‘ppppp’ pattern and four abnormal RRI patterns
pattern. True and false beats are marked by ‘�’ and ‘s’, respectively.



Fig. 9. RRI results calculated from (a) the candidate ECG beats and (b) the
segmented ECG beats for MITDB record 217.

Table 2
The performance results of the proposed QRS complex segmentation method.

Record TP FP FN FP + FN DFB

100 2273 0 0 0 1
101 1865 1 0 1 7
102 2187 0 0 0 41
103 2084 0 0 0 0
104 2218 7 11 18 1567
105 2541 21 31 52 83
106 2018 9 9 18 21
107 2131 2 6 8 984
108 1714 34 49 83 196
109 2532 0 0 0 4
111 2123 1 1 2 0
112 2539 0 0 0 2
113 1795 0 0 0 0
114 1879 2 0 2 5
115 1953 0 0 0 0
116 2392 2 20 22 4
117 1535 0 0 0 0
118 2278 5 0 5 121
119 1987 0 0 0 1
121 1861 1 2 3 3
122 2476 0 0 0 1
123 1518 0 0 0 1
124 1619 1 0 1 15
200 2586 11 15 26 58
201 1927 11 36 47 49
202 2131 3 5 8 3
203 2944 25 36 61 92
205 2643 0 13 13 12
207 1848 10 12 22 433
208 2930 5 25 30 121
209 3004 1 1 2 7
210 2627 18 23 41 134
212 2748 0 0 0 101
213 3250 0 1 1 39
214 2257 2 5 7 8
215 3353 4 10 14 19
217 2203 2 5 7 1156
219 2154 0 0 0 24
220 2048 1 0 1 0
221 2424 1 3 4 4
222 2480 1 3 4 3
223 2604 0 1 1 4
228 2016 36 37 73 124
230 2255 1 1 2 3
231 1571 0 0 0 0
232 1779 0 1 1 2
233 3066 0 13 13 10
234 2752 0 1 1 0

48 records 109118 218 376 594 5463
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the sensitivity of 99.66% and the positive predictive rate of 99.80%.
Furthermore, the irregular RRI checkup approach was able to de-
tect the 5463 suspected false beats and segment the 5255 false
beats. The resulting mean time error between the annotated ECG
beats of database and the occurence times of the ECG beats seg-
mented by our algorithm is then 7.75 ms.

In Table 2, we can say that the proposed algorithm performed
stable on all recordings of the MITDB. However, our algorithm’s re-
sults concerning the records 108, 203 and 228 showed worse than
those of other records. In other words, for the case of these three
records the algorithm produced 217 false beats (36.5% of total false
beats). The sensitivity and the positive predictivity are 98.07% and
98.49%, respectively. The detection error rate is 3.51%. These poor
performances might be related to the first degree arterial ventri-
cule blocks, fusion PVCs and severe time-varying morphological
changes (record 108), the multiformed PVCs, QRS morphological
changes, muscle artifacts and baseline shift (record 203), and the
short occurence of tape slippage (record 228). Furthermore, there
are the multiformed PVCs in the records 102, 104, 106, 108, 114,
SFB SEN (%) PPR (%) DER (%) MTE (ms)

1 100.00 100.00 0.00 0.75
7 100.00 99.95 0.05 1.82

41 100.00 100.00 0.00 13.02
0 100.00 100.00 0.00 0.77

1564 99.51 99.69 0.81 17.39
78 98.79 99.18 2.02 3.09
10 99.56 99.56 0.89 16.12

982 99.72 99.91 0.37 9.58
186 97.22 98.05 4.71 17.40

4 100.00 100.00 0.00 19.61
0 99.95 99.95 0.09 8.90
2 100.00 100.00 0.00 9.30
0 100.00 100.00 0.00 0.50
4 100.00 99.89 0.11 13.35
0 100.00 100.00 0.00 2.54
4 99.17 99.92 0.91 4.85
0 100.00 100.00 0.00 10.08

118 100.00 99.78 0.22 12.24
1 100.00 100.00 0.00 16.57
3 99.89 99.95 0.16 8.37
1 100.00 100.00 0.00 10.41
1 100.00 100.00 0.00 4.10

15 100.00 99.94 0.06 11.34
50 99.42 99.58 1.00 11.68
26 98.17 99.43 2.39 3.97

0 99.77 99.86 0.37 2.48
88 98.79 99.16 2.05 7.52
10 99.51 100.00 0.49 1.74

396 99.35 99.46 1.18 9.34
103 99.15 99.83 1.02 8.52

5 99.97 99.97 0.07 2.44
92 99.13 99.32 1.55 15.93

101 100.00 100.00 0.00 11.50
38 99.97 100.00 0.03 5.10

5 99.78 99.91 0.31 3.18
12 99.70 99.88 0.42 10.67

1155 99.77 99.91 0.32 19.29
24 100.00 100.00 0.00 5.08

0 100.00 99.95 0.05 5.78
3 99.88 99.96 0.16 6.01
3 99.88 99.96 0.16 2.03
4 99.96 100.00 0.04 8.84

103 98.20 98.25 3.56 7.11
3 99.96 99.96 0.09 0.00
0 100.00 100.00 0.00 0.34
2 99.94 100.00 0.06 6.69

10 99.58 100.00 0.42 4.17
0 99.96 100.00 0.04 0.38

5255 99.66 99.80 0.54 7.75
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118, 119, 124, 200, 210, and 217 so that their mean time errors
(MTEs = 14.9 ms) are approximately 3 times greater than those
(MTEs = 5.8 ms) of other records. However, the MTE for 48 records
is low, 7.7 ± 5.5 ms. Therefore, we can say that the proposed algo-
rithm may perform stable and well on all records. In addition, the
records 102, 104, 107 and 217 contain the paced rhythms and then
the number of the ECG beats estimated to be false is significantly
high as compared with other records, that is, the total DFB of those
records is 3748 beats (68.6%) including 41 beats for record 102,
1567 beats for record 104, 984 beats for record 107 and 1156 beats
for record 217. The proposed irregular checkup strategy filtered
out 3742 beats (SFB).

On the other hand, we performed the comparison with several
other works (Afonso et al., 1999; Benitez et al., 2001; Chen et al.,
2006; Christov, 2004; Cvikl et al., 2007; Hamilton & Tompkins,
1986; Lee et al., 2002; Pan & Tompkins, 1985; Paoletti & Marchesi,
2006; Poli et al., 1995) as shown in Table 1. Comparative results for
the MITDB are summarized in Table 3. In particular, Christov
(2004) accepted false and missed beats occurring within 200 ms
as one error (labeled as shifted false positive and negative errors),
then his results were recalculated by adding the two shifted false
errors. Also, since there are some miscalculations in the perfor-
Table 3
QRS complex performance comparison with several algorithms.

Method ANN TP FP

Cvikl et al. (2007) 109,494 109,294 200
Lee et al. (2002) 109,486 109,151 137
Our algorithm 109,494 109,118 218
Hamilton and Tompkins (1986) 109,267 108,927 248
Christov (2004) 110,050 109,762 387
Pan and Tompkins (1985) 109,809 109,532 507
Afonso et al. (1999) 90,909 90,535 374
Paoletti and Marchesi (2006) 109,809 109,430 565
Poli et al. (1995) 109,963 109,522 545
Chen et al. (2006) (45 records) 100,381 99,852 459
Benitez et al. (2001) (22 records) 45,856 45,828 30

Table 4
Performance comparison with several algorithms for the record 101 of the MITDB.

Method ANN TP FP

Our algorithm 1865 1865 1
Lee et al. (2002) 1865 1865 2
Afonso et al. (1999) 1523 1523 2
Benitez et al. (2001) 1866 1865 3
Hamilton and Tompkins (1986) 1859 1858 3
Cvikl et al. (2007) 1865 1864 4
Christov (2004) 1863 1862 4
Pan and Tompkins (1985) 1865 1862 5
Chen et al. (2006) 1865 1865 10
Paoletti and Marchesi (2006) 1865 1860 7

Table 5
Performance comparison with several algorithms for the record 105 of the MITDB.

Method ANN TP FP

Benitez et al. (2001) 2572 2569 7
Cvikl et al. (2007) 2572 2567 34
Lee et al. (2002) 2572 2568 41
Our algorithm 2572 2541 21
Christov (2004) 2567 2552 44
Hamilton and Tompkins (1986) 2564 2542 53
Chen et al. (2006) 2572 2567 78
Afonso et al. (1999) 2139 2123 53
Pan and Tompkins (1985) 2572 2550 67
Poli et al. (1995) 2572 2567 86
Paoletti and Marchesi (2006) 2572 2541 73
mance results reported by Chen et al. (2006) and Lee et al.
(2002), their results were recalculated. Furthermore, Benitez
et al. (2001) did not show the performance results for the records
108, 200 to 234 so that his results were performed for 22 records.
Chen et al. reported the results for just 45 records, no information
for the records 106, 108 and 228.

In Table 3, the algorithm proposed by Cvikl et al. (2007) among
the compared algorithms shows the lowest detection error rate
(0.36%), followed by, the algorithm of Lee et al. (2002) (0.43%). Both
works made use of the geometrical property of phase portraits as
signal processing and they adopted certain rule-based decision
system as detector. And the overall error of our approach is the
third lowest (0.54%).

Furthermore, in order to check the reliability of our algorithm,
we tried to compare our work with other works for the two records
101 and 105, selected as the cases of normal sinus rhythm with se-
vere baseline shift in potential and of severe noisy ECG signals,
respectively. The QRS detection performance of ten selected algo-
rithms together with our algorithm for the records 101 and 105
are summarized in Tables 4 and 5.

In Table 4, our algorithm showed the best performance for the
record 101. Record 101 has the three severe abrupt changes caused
FN FP + FN SEN (%) PPR (%) DER (%)

200 400 99.82 99.82 0.37
335 472 99.69 99.87 0.43
376 594 99.66 99.80 0.54
340 588 99.69 99.77 0.54
287 674 99.74 99.65 0.61
277 784 99.75 99.54 0.71
406 780 99.55 99.59 0.86
379 944 99.65 99.49 0.86
441 986 99.60 99.50 0.90
529 988 99.47 99.54 0.98

28 58 99.94 99.93 0.13

FN FP + FN SEN (%) PPR (%) DER (%)

0 1 100.00 99.95 0.05
0 2 100.00 99.89 0.11
0 2 100.00 99.87 0.13
1 4 99.95 99.84 0.21
1 4 99.95 99.84 0.22
1 5 99.95 99.79 0.27
1 5 99.95 99.79 0.27
3 8 99.84 99.73 0.43
0 10 100.00 99.47 0.54
5 12 99.73 99.63 0.64

FN FP + FN SEN (%) PPR (%) DER (%)

3 10 99.88 99.73 0.39
5 39 99.81 98.69 1.52
4 45 99.84 98.43 1.75

31 52 98.79 99.18 2.02
15 59 99.42 98.31 2.30
22 75 99.14 97.96 2.93

5 83 99.81 97.05 3.23
16 69 99.25 97.56 3.23
22 89 99.14 97.44 3.46

5 91 99.81 96.76 3.54
31 104 98.79 97.21 4.04
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by body movements. So, these abrupt changes in potential would
give rise to the spurious beats. But, these false beats were detected
and segmented by the proposed irregular RRI checkup strategy.
Then, our algorithm produced just one false positive beat. But
these operations might not work well for other algorithms. In fact,
the number of the ECG beats detected incorrectly in this record is
very small than that of other records so that the comparative re-
sults as summarized in Table 4 may be meaningless. However,
two main concepts proposed in this work are to make use of the
signals canceled by the 20 Hz lowpass filter for canceling the base-
line shift and the irregular RRI checkup strategy for segmenting the
ECG beats. Therefore, the record 101 with a few severe baseline
wanders is surely a good case for showing that the combination
of two concepts can lead to more reliable results.

In Table 5, the algorithm by Benitez et al. (2001) shows the best
results and Cvikl’s algorithm (Cvikl et al., 2007) is second, followed
by, Lee et al. (2002) and our algorithm. Record 105 contains a high
amount of the unwanted components, which lead to low perfor-
mance results. Thus, the overall QRS detection results for record
105 are worse than those of other records. Indeed, the two-dimen-
sional phase portrait approaches adopted by Lee et al. and Cvikl
et al. may be the best way. From these results, it can be concluded
that our algorithm is better for noisy ECG signals and achieves the
best results for little noisy ECG signals, particularly with the base-
line wander. Finally, in this work the proposed ECG beat segmen-
tation algorithm was implemented in Matlab. Because the length
of one record of the MITDB is approximately 1800 s, one record
was computed locally by the block of 30 s. The mean computation
time of every block is 127 ms under Intel Pentium 4 2.6 GHz plat-
form with Microsoft Windows 2000.
5. Summary

The proposed QRS complex detection algorithm by means of
five RRI sequences has been presented. This algorithm consisting
of two main stages such as simple signal processing and beat
detector was designed. In the signal processing stage, the wavelet
denoising, lowpass filter with a cutoff frequency of 20 Hz and ana-
lytical model were used respectively for preprocessing, baseline
shift elimination and envelope curve extraction. Furthermore, in
the detector stage one threshold scheme and irregular R–R interval
checkup strategy were proposed for getting higher performance in
the ECG beat detection. The proposed algorithm was tested on the
MIT-BIH arrhythmia database. In order to validate the performance
and efficiency of the proposed segmentation method, we also com-
pared our results with several other results. As a result, the pro-
posed ECG beat segmentation method was better for noisy ECG
signals and achieved the best results for little noisy ECG signals
with the baseline wander. The irregular RRI checkup strategy pro-
posed for filtering out spurious beats showed high accuracy.
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