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Abstract 

We introduce a method based on empirical mode 
decomposition (EMD) to estimate both respiratory rate 
(RR) and heart rate (HR) from the 
photoplethysmographic (PPG) signal obtained from pulse 
oximetry. The spectral analysis of the EMD applied to the 
PPG signal was used to extract two signals, the 
respiratory and cardiac modulations respectively. On 
these modulated signals, an additional spectral analysis 
was applied to calculate their frequency peaks. To 
improve spectral resolution a parametric power spectral 
analysis based on autoregressive modelling was selected. 
The frequency peak found in the respiratory and cardiac 
signals reflects RR and HR, respectively. The PPG 
signals were analysed using a 1-min sliding window with 
50% overlap. The RR and HR estimation accuracy was 
assessed using the unnormalized root mean square (RMS) 
error. Median errors (quartiles) were calculated to 
account for the non-normal RMS distribution. The test 
dataset consisted of 8-min PPG and capnometric signals 
from 29 paediatric and 13 adults cases (42 subjects in 
total) containing reliable recordings of either 
spontaneous or controlled breathing. A research assistant 
manually labelled the signals. The reference RR (from 
capnogram) and HR (from PPG) were manually 
extracted. The median RMS error (quartiles) obtained for 
RR was 3.5 (1.1, 11) breaths/min and for HR was 0.35 
(0.2, 0.59) beats/min. Therefore, the spectral analysis of 
the respiratory and cardiac signals extracted through 
EMD, introduces a useful method to estimate and monitor 
RR and HR simultaneously from the PPG signal obtained 
from pulse oximetry.  

1. Introduction

Reliable and easy to use methods are needed for 
monitoring vital signs in the intensive care environment 
or patients at home with long-term disease with 

associated instability in respiratory or cardiovascular 
function. The ability to track heart rate (HR) and 
respiratory rate (RR) from a simple, low cost, non-
invasive sensor will promote and facilitate physiological 
tele-monitoring (1).  

An abnormal respiratory rate is often an early sign of 
critical illness. For example, the assessment of an 
elevated respiratory rate (RR > 40 breaths/min)(2)  is an 
essential criterion integrated in guidelines for the 
diagnosis of pneumonia in children (age 1-5 years). 
However, clinical measurement of respiratory rate has 
been shown to have poor reliability and repeatability (3). 

Pulse oximetry is widely used in health facilities to 
monitor physiological vital signs. It is based on an optical 
technique to measure local variations of blood volume in 
tissues, providing SpO2 and photopletysmography (PPG) 
(4). The PPG signal is a complex signal, composed of the 
peripheral pulse synchronized to each heartbeat (the AC 
component), and modulated by a quasi DC component 
that varies slowly due to respiration, vasomotor activity 
and vasoconstrictor waves (5). While SpO2 and HR are 
well-established parameters derived from the PPG signal, 
the addition of RR estimation from PPG analysis would 
provide the ability to obtain multiple vital signs from a 
single, non-invasive, peripheral sensor. There have been 
several efforts to extract RR from PPG signal, through the 
characterization of the PPG cycles morphology in the 
time domain (6,7), applying time-frequency analysis (8,9) 
or digital filtering (10).  

Empirical mode decomposition (EMD) is an 
alternative technique that has been successfully applied to 
reduce motion artifacts in the PPG signal (11), extract 
respiratory rate from ECG (12), and decompose 
respiratory sounds (13). The EMD is an adaptive 
decomposition technique that derives its basis functions 
from the signal itself. The EMD is especially suitable for 
analyzing non-linear and non-stationary signals.  
    In this paper, we propose a method to estimate both RR 
and HR simultaneously from the PPG signal. Respiratory 
and cardiac modulations are derived from the spectral 
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analysis of the EMD applied to the PPG. Consequently 
the RR and HR are estimated from the spectral analysis of 
these signals. 
 
2. Methodology 

2.1. Dataset 

This method was tested using Capnobase, a benchmark 
dataset that can be downloaded from the on-line database, 
CapnoBase.org (14). The dataset comprises physiological 
signals that were recorded from 29 children (4.8 years ± 
5.4, 18.5 kg ± 23.4) and 13 adults (46.3 years ± 9.0, 73.5 
kg ± 24.2) receiving general anesthesia at the British 
Columbia Children’s Hospital and St. Paul's Hospital, 
Vancouver BC, respectively. All subjects were studied 
according to a protocol approved by the institutional 
Ethics Committee. The recordings included ECG with a 
sampling frequency of 300 Hz, CO2 and airflow with a 
sampling frequency of 25 Hz, and PPG with a sampling 
frequency of 100 Hz. All signals were recorded with S/5 
Collect software (Datex-Ohmeda, Finland) using a 
sampling frequency of 300 Hz (PPG, CO2 and airflow 
with lower sampling rates were automatically up-
sampled). A single 8-min segment of reliable recording of 
spontaneous or controlled breathing was selected for each 
patient. The CO2 waveform was used as the reference 
gold standard recording of RR. A research assistant 
manually labeled each breath in the capnogram (with 
support of airflow) and pulse peak in the PPG (with 
support from the ECG) and validated the derived 
instantaneous reference RR and HR. This benchmark 
dataset with reference RR and HR has been previously 
used to test RR estimation from the PPG (6). 

 
2.2. Empirical mode decomposition  

EMD deconstructs non-stationary and non-linear 
signals into a set of mono-component signals called 
intrinsic mode functions (IMF). An IMF is a function that 
represents the oscillation mode embedded in the data 
signal. An IMF satisfies 2 conditions: the number of 
extrema and zero crossings must be either equal or differ 
by one, and the mean value of the envelope defined by the 
local maxima and the envelope defined by the local 
minima is zero. 

Similar to wavelet analysis, EMD decomposes the 
signal into IMFs of different resolution scales. However, 
in EMD, the basis functions are directly extracted from 
the data, while in wavelet analysis, a pre-designed mother 
wavelet is selected before the analysis and determines the 
basis functions for the different scales. Therefore, IMF 
can better represent the local characteristics of a signal, 
and adapt to the signal’s oscillation patterns over time. 
Due to this advantage, EMD is suitable for analyzing 

nonlinear and non-stationary signals and is thus 
applicable to PPG analysis (11).  

A real valued signal y(t) can be represented as a set of 
IMFs plus a residual: 
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where sk(n) are the resulting IMFs and rk(n) the 
residual term. In this study, the PPG signals are 
decomposed into 5 IMFs and a residual.    
 
2.3. Power Spectral Density 

The PSD of each IMF is analyzed. To provide a better 
frequency resolution a parametric power spectral 
estimation was performed through autoregressive 
modeling. Each signal sk(n) is then modeled through 
an autoregressive model by: 
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where e(n) denotes zero-mean white noise with 

variance e
2 , a[p] the AR coefficients and P the 

model order. Once the autoregressive coefficients 
and the variance e

2 have been estimated, the PSD 
of an autoregressive process is computed by means 
of: 
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with T being the sampling period.  

The selection of model order is a trade-off between 
the frequency resolution and the spurious peaks. 
The optimum model order was evaluated according 
to Rissanen’s minimum description length criterion 
P= 4. 

 
2.4. HR and RR calculation  

Using a sliding window of 1 min with 30s overlap, the 
PPG signals are divided into segments, decomposed into 
IMFs and studied in the spectral domain. For each IMF 
the frequency peak with the highest power is evaluated. 
The cardiac modulation is estimated by adding the IMFs 
in which the peak frequency lies within the cardiac 
frequency range. Similarly, the respiratory modulation is 
estimated by adding the IMFs in which the peak 
frequency lies within the respiratory frequency range. A 
subsequent spectral analysis is applied to these signals to 
calculate their frequency peaks, reflecting HR and RR 
(Figure 1).  
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Figure 1. An example of the HR and RR estimation 

process. Original PPG segment (a) and its PSD (b); PPG 
derived cardiac signal (c) and its PSD with the frequency 
peak reflecting HR (d); derived respiratory signal (e) and 
its PSD with the frequency peak reflecting RR (f). 
 

Reference cardiac and respiratory frequency ranges are 
extracted from a review of observational studies that used 
heart rate data from 143,346 children and respiratory data 
from 3,881 children (from 2-18 years old) (15). The range 
in adults is much more restricted but would be included in 
this range. Based on 99th and 1st centiles for healthy 
children and young adults, the HR typically ranges from 
45 to 145 beats/min (0.75 to 2.4 Hz, respectively) and 
respiratory rate from 8 to 45 breaths/min (0.14 to 0.75 Hz, 
respectively). Considering these values, in this study we 
define the cardiac frequency range from 0.75 to 2.5 Hz 
and respiratory frequency range from 0.1 to 0.85 Hz. 
 
2.5. Method evaluation  

The performance of the EMD-based method is evaluated 
using the unnormalized root mean square (RMS) error. 
The RMS error is calculated for each subject, considering 
all estimations over time.  
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where L is the number of observations and xref and xest 

are the reference and the estimated values, respectively. 
The median of the instantaneous reference RR and HR is 
compared to the estimations for each time window. 
 

3. Results 

The median (1st and 3rd quartiles) error obtained for RR 
is 3.5 (1.1, 11) breaths/min and for HR is 0.35 (0.2, 0.59) 
beats/min. Figure 2, shows an example output of the 
method for a subject with an RMS error of 1.13 
breaths/min and 0.59 beats/min, estimating RR and HR, 
respectively. The accuracy of the method per subject is 
illustrated in Figure 3, where the estimated RR and HR 
using 1-min sliding window and reference values for each 
subject are represented as scatter plots. 

 
 

 
Figure 2. Time-varying estimated (solid blue with ◊ 

markers) and manually labeled (dotted red with  
markers) reference RR in (a) and HR in (b). For this 
subject the RMS error estimating RR and HR are 1.13 
breaths/min and 0.59 beats/min, respectively.   

 

 
 
Figure 3. Scatter plot showing the median value of 

estimated and reference values of  (a) RR and (b) HR for 
each subject using 1-min time window. The respiratory 
and cardiac frequency peaks are detected around the RR 
and HR range. Observations with artifacts are included.  
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4. Discussion 

In this study we presented a novel method based on EMD 
to estimate both RR and HR simultaneously from the 
PPG. A number of algorithms based on the PPG signal 
morphology (6,7), time-frequency or spectral analysis 
(8,9), digital filtering (10), complex demodulation have 
previously been proposed to detect RR from PPG. Most 
of these methods were tested only in controlled 
environments (research laboratories), and their robustness 
to artifacts (very common in ambulatory environments) 
has not typically been demonstrated. 
The method proposed by Karlen et al. (6) was 
successfully evaluated in an ambulatory environment 
using the same benchmark dataset. However, RR 
estimation was only provided during periods that have an 
agreement between the three respiratory induced 
variations, which significantly reduced the number of 
estimations. In contrast, our EMD-based method can 
provide a continuous output with very comparable 
performance. 
 
5. Conclusion 

The spectral analysis of the respiratory and cardiac 
signals extracted through EMD introduces a new method 
to estimate RR and HR simultaneously from the PPG 
signal. This method provides an adaptive and robust tool 
to monitor HR and RR noninvasively from a simple, low 
cost sensor. 
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