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Abstract. Breathing Rate (BR) plays a key role in health deterioration
monitoring. Despite that, it has been neglected due to inadequate nursing
skills and insufficient equipment. ECG signal, which is always monitored
in a hospital ward, is affected by respiration which makes it a highly
appealing way for the BR estimation. In addition, the latter requires ac-
curate R-peak detection, which is a continuing concern because current
methods are still inaccurate and miss heart beats. This study proposes
a frequency domain BR estimation method which uses a novel real-time
R-peak detector based on Empirical Mode Decomposition (EMD) and
a blind source ICA for separating the respiratory signal. The originality
of the BR estimation method is that it takes place in the frequency do-
main as opposed to some of the current methods which rely on a time
domain analysis, making the estimation more accurate. Moreover, our
novel QRS detector uses an adaptive threshold over a sliding window
and differentiates large Q-peaks from R-peaks, facilitating a more accu-
rate BR estimation. The performance of our methods was tested on real
data from Capnobase dataset. An average mean absolute error of less
than 0.7 breath per minute was achieved using our frequency domain
method, compared to 15 breaths per minute of the time domain analy-
sis. Moreover, our modified QRS detector shows comparable results to
other published methods, achieving a detection rate over 99.80%.

Keywords: ICA · Frequency Domain Analysis · R-peak Detection ·
EMD · Local Signal Energy.

1 Introduction

Over the past two decades, there has been a dramatic increase in the extraction
of the respiration signal and its derivative, the Breathing Rate (BR), from a
single lead ECG [1]. The BR is a key indicator in health deterioration monitor-
ing and provides valuable information on the physiological status of a person
[2]. The first serious discussions and research into extraction of the respiratory
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signal using the ECG emerged during the 1980s and the use of the latter was sug-
gested by reporting that a normal respiratory cycle affects the heart rate, which
cause sinus arrhythmia [1]. An ECG-Derived Respiration (EDR) method was
suggested in [3]. EDR uses the variations in the QRS peak amplitudes through
time due to the chest movement amplitude displacements, whereas Respiratory
Sinus Arrhythmia-Derived Respiration (RSA) uses the Instantaneous Heart Rate
(IHR) variability which increases during inspiration and drop during exhalation
due to baroreflex sensitivity [4].

More recent attention has focused on the analysis of the beat-to-beat changes
in the QRS complex in order to estimate the BR. In [5] a new method for
extracting the respiration signal based on the Principal Component Analysis
(PCA) was suggested. It has been argued that PCA can describe the variability
of the QRS complex due to respiration. Their proposed algorithm has been
compared with existing EDR methods and the results were promising. In [6]
an EDR method based on Independent Component Analysis (ICA) and the
power spectrum of the independent components was proposed. This method is
more robust as ICA assumes statistical independence between the components,
whereas PCA assumes that the components are mutually uncorrelated.

As was pointed out above, it is clear that the respiration signal extraction
requires an accurate QRS detector [1, 3, 4]. The identification of QRS complexes
is a major area of interest as it is the most discernible feature of the ECG. How-
ever, R-peak detection turns out to be complex due to signal contamination from
various types of noise and the morphological variability of the QRS complexes.
Several studies have investigated the QRS complex detection by developing a
number of methods [7–11]. The signal is pre-processed in order to amplify the
QRS complex and remove noise and baseline wander and then a set of thresh-
olds is applied in order to locate the real R-peaks in the signal. In [7] and [8]
the derivative of the signal was used in order to obtain the slope and width
information of the QRS complex. In [11] the Hilbert transform of the derivative
of the ECG was suggested in order to locate the R-peaks. More recent studies
have investigated the use of Empirical Mode Decomposition (EMD) [12] as an
effective pre-processor which amplifies the QRS complex and decomposes the
signal into a set of Intrinsic Mode Functions (IMF) [13–15]. A serious weakness
of the above methods is that the threshold is derived from the full length ECG.
Generally difficulties arise when the signal includes very large R-peaks, making
the threshold high. This results in the failure to detect lower R-peaks.

The current study proposes a novel QRS detector which overcomes the afore-
mentioned problems in the current state-of-the-art EMD methods by introduc-
ing an adaptive threshold which is calculated from the local energy of the re-
constructed ECG signal from the EMD. The pre-processing stage contains a
band-pass filter which eliminates noise and reduces the number of the IMFs.
The reconstruction of the signal using the EMD method facilitates the removal
of low frequency interference and the absolute value of the reconstructed signal
amplifies the QRS complexes. The signal is then divided into segments in order
to increase the efficiency of the algorithm. Compared with the existing results
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on the topic, our study has three distinct features that have not been reported
in the literature. Firstly, the proposed detector provides a solution for the detec-
tion of small R-peaks by establishing a threshold derived from the mean of the
root mean square (rms) over a pre-specified number of most recent segments.
Secondly, the threshold established relies on the local signal energy of each seg-
ment. Thirdly, the present research explores the differentiation of R-peaks from
large Q-peaks in the absolute value of the signal, by using the first derivative of
the ECG signal.

Based on the ECG respiratory-induced modulations a statistical signal pro-
cessing approach will be considered for this study: the ICA analysis of the beat-
to-beat variations during respiration. The method requires the locations of the
R-peaks identified by our QRS detector, which are stacked into a matrix for fur-
ther analysis. Then ICA is applied and the Independent Component (IC) which
corresponds to respiration is identified based on its frequency spectrum. The
respiratory IC is then filtered in order to derive the ICA respiration signal. The
latter is then divided into one minute windows in order to estimate the BR. For
each window the Fourier transform of the respiration signal is computed. The
novelty of this work lies on the fact that the BR estimation takes place in the
frequency domain, whereas time domain analysis is sensitive to double-humped
peaks, which makes BR estimation inaccurate. Moreover, our frequency domain
approach can be implemented in real-time as the estimation requires windows of
one minute duration. Finally, the identification of the respiratory IC lies on the
analysis of the respiratory frequencies, making the BR estimation more accurate.

2 Proposed QRS Detector

The main assumption of our proposed R-peak detector is that the QRS complex
can be further amplified by reconstructing the signal from its first three IMFs
after applying the EMD algorithm. Our assumption has been verified on all the
tested recordings as well be shown in Section 2.2.

2.1 Empirical Mode Decomposition

EMD decomposes the signal, x(t), into a series of narrow-band signals, ci(t),
which are called IMFs, and fulfil special conditions. An oscillatory mode of the
signal is an IMF exclusively under the conditions that: first, in the whole dataset,
the number of zero-crossings and the number of extrema are either equal of dif-
fer at most by one; and second, at any point, the mean value of the maximum
and the minimum envelope is zero. The key advantage of EMD is that it is a
data-driven analysis method. At each iteration the algorithm needs to decide
if the i-th component, hi(t), extracted from the data, is an IMF based on the
conditions mentioned above. In order to achieve this, the EMD method uses a
systematic way which is called the sifting process and is described as follows:
for a given signal x(t), the extrema points are first identified, followed by ap-
proximation of the upper, r̂(t), and lower, r(t), envelopes of the signal through
a cubic spline interpolation. The mean of the envelopes is then obtained, and
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the i-th component, hi(t), is computed as the difference between the signal and
the mean. The sifting process has to be repeated as many times as required to
reduce the extracted signal to an IMF. For our implementation, in order to stop
the sifting process, the number of zero-crossings and the number of extrema are
checked for equality or whether they differ at most by one. If the final residue,
rN (t), is obtained as a monotonic function, the EMD algorithm is terminated,
ci = hi, and the signal, x(t), can be written as follows:

x(t) =

N∑
i=1

ci(t) + rN (t), (1)

where N is the total number of the extracted IMFs.

2.2 QRS Detector Algorithm

To summarise, the proposed QRS detector is as follows:

Pre-processing Stage

1. The raw signal, x(t), is first filtered with a band-pass filter, whose coefficients
were designed using a Kaiser-Bessel window [16]. The band-stop frequencies
were set at 8 and 20 Hertz [17] in order to amplify the QRS complex, elimi-
nate noise and reduce the number of IMFs. The output of the filter is denoted
as xf (t),

2. The EMD algorithm is applied on xf (t) to extract the IMFs, c1(t), . . . , cN (t),
where N is the total number of the extracted IMFs,

3. The signal is reconstructed by adding the first three IMFs,

xr(t) =

3∑
i=1

ci(t), (2)

where the number of IMFs is experimentally selected and it will be discussed
later,

4. Then, the absolute value of the reconstructed signal is computed, that is
a(t) = |xr(t)|. This makes all data points positive and implements a lin-
ear amplification of the reconstructed signal emphasising the higher cardiac
frequencies, such as the QRS complex.

Decision Stage

5. In order to increase the efficiency of the algorithm, we divide a(t) into k
segments of 3 seconds duration, that is k = (total number of samples)/(3 ∗
fs). The starting point of the k-th segment should match the last R-peak
located on the k − 1 segment in order to increase the accuracy,

6. Compute the envelope of the maxima, âk(t), of ak(t) for each segment k
through a cubic spline interpolation of the local maxima,
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7. Compute the local signal energy for each segment as,

RMSk =

√√√√ 1

M

M∑
t=1

[âk(t)]2, (3)

where k is the current segment and M is the number of samples in the
segment, that is M = 3 ∗ fs,

8. The threshold of the k-th segment is set to be the mean of the eight most
recent RMSk values,

Tk =
1

8

k∑
j=k−7

RMSj , (4)

9. The peaks, which exceed threshold Tk in the absolute sequence ak(t), are
classified as candidate peaks,

10. In order to segregate large Q-peaks from R-peaks, we compute the first
derivative of xr(t). Peaks with a negative derivative will be investigated
further at the refractory period check given next,

11. Apply a refractory period check when the R-R interval of two adjacent peaks
is less than 200 milliseconds. Keep the peak with the maximum amplitude.

The main assumption of the proposed R-peak detector is that the first three
IMFs can be used in the QRS complex amplification, because their frequency
spectra correspond to the QRS frequencies (3-40 Hz [18]). Furthermore, the
IMFs which represent slower oscillations, like P- or T- waves (0.7-10 Hz [18]),
are omitted in order to enhance the R-peaks. To enhance the QRS complex and
reduce computation and the number of the extracted IMFs, it is recommended
that the ECG signal is filtered with a band-pass filter. Fig. 1 shows a filtered
ECG signal and its first five IMFs, obtained after the EMD algorithm. It is
evident from Plots 7 to 11 that as the order of the IMFs increases, the frequency
of the mode decreases. It is also shown that the spectra of the first three IMFs
correspond to the frequency band of the QRS complex. Fig. 2 shows that the
filtered signal, xf (t), can be approximated by the reconstructed signal, xr(t),
because the difference of the two signals (yellow dotted line) is small and the
shape of the QRS complex is preserved.

Our study used a convenience sample of 20 children recordings (median age:
9.1, range 1-16 years) and 5 adult recordings (median age: 46.2, range 37-64)
from the Capnobase dataset [19]. The latter contains ECG, pulse oximetry and
capnoraphy recordings of 8 minutes duration acquired during elective surgery
and routine anaesthesia. The sampling frequency, which was used for the ECG
acquisition, was set to be at 300 Hz. Furthermore, the dataset contains fully
annotated data, providing the actual R-peaks and reference BR data. The results
obtained from our proposed QRS detector are shown in Table 1. Table 2 shows
a comparison of our method’s performance with other existing detectors. Fig.
2 shows the sequential steps of the R-peak detection method. The detected R-
peaks are marked by an asterisk ’*’ on the filtered signal, xf (t) (Plot 4). A false
negative (FN) occurs when the algorithm fails to detect an actual R-peak. A
false positive (FP) represents a false peak detection. Sensitivity (Se), Positive
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Fig. 1: The result on the EMD and the spectrum of each IMF. Plot 1 corresponds to
the filtered ECG, xf (t). Plots 2 to 6 correspond to the first five IMFs. Plot 7 to 11
correspond to the Fourier transform of each IMF.

Predictivity (+P) and Detection Error Rate (DER) were calculated for each
recording using the following formulas respectively:

Se(%) =
TP

TP + FN
% , (5)

+P(%) =
TP

TP + FP
% , (6)

DER(%) =
FP + FN

total number of R peaks
% , (7)

where TP (true positives) is the total number of R-peaks correctly identified.
As can be seen from Table 1 and Table 2 our QRS detector shows a better
performance for the Capnobase records, achieving a Se of 100%, a higher +P of
99.80% compared to 99.78% in [7] and 99.70% in [11], as well as a lower DER of
0.24% compared to 0.25% in [7] and 0.31% in [11].

An important observation is that the absolute amplitude of a Q-peak oc-
curs to be larger than the R-peak in some cases. This was found to identify
the Q-peak as a real R-peak, because the threshold is applied to the absolute
waveform. Therefore, the first derivative of the ECG signal is computed which
facilitates the Q-, R-peak segregation. Peaks with a negative derivative will be
investigated further in the decision stage by applying the refractory period check.
Secondly, another significant advantage of our proposed method is that it can
be implemented in real-time with a detection delay equal to the duration of the
segment. On-line implementation requires a small alteration of our method. The
segmentation can be executed at the very beginning of the pre-processing stage
and the sequential steps of our algorithm can be implemented for each segment.
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Fig. 2: Left plot - Reconstruction of the filtered signal, xf (t), by the summation of the
first three IMFs, xr(t), and their difference, xf (t)−xr(t). Right plot - Steps of the QRS
detector. Plot 1, corresponds to the filtered ECG signal, xf (t). Plot 2, corresponds to
the reconstructed signal, xr(t). Plot 3, shows the absolute sequence, ak(t), (blue line)
and its maximum envelope, âk(t), (dotted black line) along with the threshold (dashed
black horizontal line) and candidate peaks marked with a red asterisk ‘*’. Plot 4, shows
the identified R peaks on xf (t) as red asterisk ‘*’.

Table 1: QRS detection performance using the Capnobase Dataset

Rec Annotated peaks DER (%) Se (%) +P (%)
9 815 0.00 100 100
15 960 0.00 100 100
16 1012 0.00 100 100
18 1131 0.00 100 100
23 818 0.00 100 100
32 685 0.00 100 100
35 900 0.18 100 99.89
38 956 0.00 100 100
103 826 0.00 100 100
104 912 0.00 100 100
105 530 0.37 100 99.62
121 579 0.00 100 100
122 588 0.00 100 100
125 627 0.00 100 100
127 615 0.00 100 100
128 541 0.18 100 99.82
134 578 1.53 100 98.50
142 739 0.00 100 100
147 538 3.58 100 97.52
148 624 0.00 100 100
311 555 0.17 100 99.82
312 432 0.00 100 100
313 588 0.00 100 100
322 589 0.16 100 99.83
325 584 0.00 100 100

Average 17716 0.24 100 99.80
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Table 2: Comparison of QRS detector performance with other methods for Capnobase Dataset

Method DER (%) Se (%) +P (%)
Derivative based [7] 0.25 100 99.78

Hilbert transform [11] 0.31 100 99.70
Our method 0.24 100 99.80

3 Proposed BR Estimation

The main idea of our proposed BR estimation method is to analyse the beat-to-
beat changes in the QRS complex in order to extract the respiration signal using
the ICA. In order to derive the respiration signal, the R-peaks are located using
our proposed QRS detector (Section 2). The QRS complexes are then stacked
into a matrix and then the ICA is applied. The novelty of this method is that
the identification of the IC which corresponds to respiration takes place in the
frequency domain. The respiration signal is then filtered in order to derive the
final ICA respiration signal. The importance and originality of our proposed BR
estimation method are that it explores the respiration signal in the frequency
domain, whereas existing BR estimation methods are focused on a time domain
analysis which can cause inaccuracies [20]. The main assumption of our method is
that the most dominant peak of the respiration frequency spectrum corresponds
to the BR.

3.1 Independent Component Analysis

Blind Source Separation (BSS) represents a model where a set of unob-
served source signals is been recovered from a set of observed mixtures
[21, 22]. In other words, BSS is the separation of a set of source sig-
nals, s(t) = {s1(t), s2(t), · · · , sn(t)}, from a set of mixed signals, x(t) =
{x1(t), x2(t), · · · , xm(t)}. In ECG signal processing, we assume that the sources
are signals like the electrical heart activity, the respiration and some noise, which
are mixed, and give as result the observed ECG (Fig.3). Since it was reported
in 1991, ICA has been attracting a lot of interest in machine learning and signal
processing [23]. ICA is a statistical approach whose main assumption is that
the observations are actually linear combinations of statistically independent
variables [21, 24], as follows:

xi = ai,1s1 + · · ·+ ai,ksk + · · ·+ ai,nsn, (8)

where ak are the basis vectors which form the columns of the mixing matrix A
(Fig. 3) and i = 1, · · · ,m.

3.2 ICADR Algorithm

To summarise, the proposed ICA-Derived Respiration (ICADR) method is as
follows:
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Fig. 3: Schematic representation of the BSS model in ECG signal processing

1. Extract the R-peaks from a single-lead ECG signal using our proposed QRS
detector,

2. Create the data matrix and whiten the data,
3. Apply PCA method for dimensionality reduction and keep the first 10 Prin-

cipal Components (PC),
4. Apply the fastICA algorithm to the reduced matrix in order to get the source

signals as independent components (Fig. 4),
5. Compute the Fourier transform of the ICs produced and choose as respiration

signal the IC whose frequencies lie between reasonable respiration rates (Fig.
4),

6. Filter the output of step 5 within reasonable respiration frequencies (0.0666-
0.5 Hertz) to get the ICA respiration signal,

7. Divide the respiration signal into one minute windows,
8. For each window compute the Fourier transform and locate the frequency

that corresponds to the most dominant peak in the frequency spectrum (Fig.
5),

9. Convert frequency to bpm to get the BR.

The data matrix construction is based on the fact that we are interested
in analysing the inter-beat variations of the ECG features. Using the de-
tected R-peaks (Section 2.2) the data matrix X is constructed from a single-
lead ECG by stacking m segments of length n around the R-peak, that is,
Xm×n = [x1 . . .xm]T , where xi is a row vector of length n, that is xi =
[xi,1 · · ·xi,j · · ·xi,n]. Hence, the first row contains n samples around the first
R-peak, the second row contains n samples around the second R-peak etc. For
recording 0009, the detected R-peaks are 815. We are taking 100 points around
the R-peak, thus the size of the matrix is 815× 100. After applying the PCA for
dimensionality reduction the size of the matrix reduces to 10× 815.

For all the recordings the results obtained from our ICADR method are shown
in Table 3. In order to evaluate the performance of our method, we computed
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the Mean Absolute Error (MAE) in bpm, as follows:

MAE =
1

N

N∑
i=1

|BRrefi −BResti |, (9)

where N is the number of the extracted BRs, BRref and BRest are the refer-
ence and estimated BR respectively. The obtained ICA respiration signal was
analysed using our proposed frequency domain analysis for the BR estimation.
Furthermore, the respiration signal was later upsampled at 8 Hz and then fil-
tered using a band-pass filter within a reasonable respiration frequency range. It
is evident from our results that the post-processing stage improved the accuracy
of the estimation about 0.2747 bpm, achieving an average MAE of 0.6551 bpm.
Fig. 6 shows the respiration signal obtained from our method for recording 0009,
along with the frequency domain analysis, which shows a clear dominant peak
in each window. It can be also observed that the error for recording 0147 is high
about 8 bpm, and after the post-processing stage it drops to 5 bpm. One possible
explanation is that the existence of false positives in the R-peak detection affects
the accuracy. For recording 0147 the number of false positives was 13 compared
to 0 false positives for recording 0009.

Table 3: ICA-Derived Respiration Evaluation Performance

Frequency Domain Time Domain
No post-processing Post-processing

Children Recordings MAE (bpm) MAE (bpm)
0009 0.6359 0.5109 7.2088
0015 0.2086 0.2086 1.0354
0016 0.0048 0.0048 37.4550
0018 1.2587 1.3837 14.8083
0023 0.4867 0.6117 8.9675
0032 2.3126 1.2261 18.1932
0035 2.1316 1.9887 17.0079
0038 1.6166 1.6166 16.8503
0103 0.0079 0.0079 22.3282
0104 0.0049 0.0049 22.0298
0105 0.0276 0.0276 12.8290
0121 0.0069 0.0069 13.2939
0122 0.0070 0.0070 19.5208
0125 0.3816 0.3623 15.0810
0127 0.4262 0.4262 7.5363
0128 0.3477 0.3477 11.7071
0134 0.3788 0.5038 13.4641
0142 0.1368 0.1368 18.4440
0147 8.8772 5.3786 19.2597
0148 0.0051 0.0051 19.5607

Adult Recordings
0311 1.8822 0.8878 14.4469
0312 0.0096 0.0096 12.3631
0313 0.0110 0.0110 8.8237
0322 0.5638 0.5648 4.2980
0325 1.5150 0.1400 18.4905

Average 0.9297 0.6551 15.0000
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Fig. 6: Left plot - The respiration signal obtained from our ICADR method for recording
0009. Plot 1 to 8 correspond to the 8 one minute windows obtained from our algorithm.
Right plot - Frequency domain analysis of the respiration signal for recording 0009. Plot
1 to 8 show the frequency spectra of each one minute window, along with the reference
BR.

In order to prove that our BR estimation method in the frequency domain
outperforms the time domain analysis [20], we compared our approach with
the time domain of the respiration signal. The results obtained are shown in
Table 3. A basic peak detector is used in order to identify the peaks in the
respiration signal, along with their time locations [20]. The evaluation of the
Instantaneous Respiration Rate (IRR) from the time intervals of consecutive
peaks in the respiration signal is attempted. As soon as the IRRs are computed,
they are converted to bpm in order to estimate the BR. It can be observed that
the MAE obtained from the time domain analysis is high about 15 bpm. The
major drawback of this method is that the existence of double-humped peaks in
the respiration signal affects the peak detection.

4 Conclusion

To conclude, a new ICA-Derived Respiration (ICADR) method was presented
based on an accurate and adaptive R-peak detector. Moreover, a frequency do-
main analysis of the respiration signal was proposed in this study for the BR
estimation. The ICADR achieved a low average MAE of 0.6551 bpm for both
children and adult recordings. The frequency domain analysis outperforms the
BR estimation in the time domain. The latter method gave a high average MAE
of 15 bpm. This emphasises the importance and novelty of the proposed fre-
quency domain analysis method.

The present study also suggested a new R-peak detector based on the EMD
of the ECG signal and an adaptive threshold which relies on the local signal
energy. Our method facilitates the detection of small R-peaks by deriving a
threshold from the mean of the rms over eight segments. The decision stage
also contains gradient-based and refractory period checks to differentiate large
Q-peaks and omit false R-peaks. For Capnobase dataset, the R-peak detector
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performed effectively with accurate detection of 99.80%, showing a comparable
performance with other existing methods.
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