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Abstract: In this paper, a novel approach to estimate the respiratory rate from ECG and PPG sig-
nals is proposed. The respiration signal is extracted from both signals using the continuous wavelet
transform and the rate is estimated in time as well as frequency domain. Subsequent fusion of differ-
ent approaches provides the result more robust. Designed algorithm predicts the breathing frequency
with the mean absolute error of 0.96 breaths per minute.
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1 INTRODUCTION

The analysis of respiration signal is an important part of medical diagnostics and health condition
assessment. The basic information that can be derived from the signal is the respiratory rate (RR),
which is one of vital signs. The unit of RR is the number of breaths per minute (bpm). The normal
value for an adult is 12-20 bpm [1]. The RR out of this range is considered abnormal and indicates
possible cardiopulmonary disorders [2].

Usually, the respiratory rate can be measured by manual counting of chest wall movements per minute
(which is highly inefficient, inaccurate, and non-objective), impedance pneumography or by using
other additional sensors (which is disadvantageous for unnecessary expenses and extra stress for pa-
tients). [3] However, this information can be also obtained from routinely measured signals, whose
purpose is not primarily the RR estimation - those include electrocardiogram (ECG) and photopletys-
mogram (PPG) signals. They are both strongly amplitude and frequency modulated by the respiration
and hence make it possible to extract the respiration signal. [3] Breathing influences the beat morphol-
ogy by changes in thoracic impedance and changes in the orientation of the electrical axis of the heart
[3] and the tissue blood volume by transmitted changes in intrathoracic pressure and vasoconstriction
of arteries during inhalation [4]. Heart rate increases during exhalation [2].

There are two different approaches how to extract the respiration signal - filter-based and feature-
based techniques [5]. This work is focused on the first one, namely on the continuous wavelet trans-
form (CWT). It is used to decompose the ECG/PPG signal into frequency bands, using consecutive
bandpass filters, which split the original information among those bands [6]. Some of those bands
contain information about patient’s breathing where the respiration signal can be derived [7].

2 DATASET CHARACTERISTICS

The algorithm was tested on the BIDMC PPG and Respiration Dataset [8], which is available from
the PhysioNet [9]. The data was acquired from 53 patients during the hospital care.

Every recording contained PPG, ECG, and impedance respiration signals (sampled at 125 Hz), which
were all 8 minutes long. Besides the signals, there were also some physiological and fixed parameters
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included (such as heart rate or directly measured RR, age, etc). Database also included annotated
individual breaths (by two human annotators) in the impedance respiration signal, which were used
to calculate a respiratory rate. For the final reference of RR, the information from directly measured
RR and manual annotations were combined. Reference RRs are defined for each minute of all records
[8].

3 RESPIRATORY RATE ESTIMATION

Proposed algorithm can be split into three main parts, each focused on a different step of the process.
The block scheme representing the algorithm used for the respiration signal extraction and following
RR estimation can be seen in Figure 1. Algorithm is designed and tested to work with one minute
time frames but could be redesigned accordingly.

Figure 1: The block scheme of the algorithm

Both PPG and ECG signals were decomposed by the continuous wavelet transform. For this reason
was used the analytical Morlet wavelet, which is suitable for the localization of transients in a signal
[6]. The interesting frequency band ranged between 0.20 and 0.40 Hz - the choice of this frequency
range was based on the typical physiological breathing frequency of adults [1].

The CWT was followed by fusion of the decomposed signals, which fell within the established fre-
quency range. Those frequency bands were averaged, which resulted into single signal. The respira-
tion signal was obtained by the inverse CWT.

The RR was then estimated from the extracted signals. There were two methods used:

1. In the time-domain (Figure 2): detected peaks of the respiration signal correspond with the
inhalation. Minimal peak distance of 2.1 seconds was set to avoid false positive detection.
Estimation of the RR is based on position of detected peaks.

Figure 2: Peak detection in the time-domain, (BIDMC signal ID: 25)
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2. In the frequency-domain (Figure 3): the dominant frequency of the power spectrum was found,
as it corresponds with the breathing frequency, from which the final RR could have been esti-
mated.

Figure 3: Dominant frequency of the power spectrum, (BIDMC signal ID: 25)

The median fusion was executed to calculate final respiratory rate. Both methods described before
provided each 1-minute-long record with several RR estimations. The median value was presented as
the most accurate and plausible respiratory rate estimation.

4 RESULTS

The described algorithm was evaluated by mean absolute error (MAE). Estimated respiratory rate was
compared to the references and the difference between them was used to calculate the MAE. Based
on this quality assessment, the algorithm predicts the respiratory rate with MAE of 0.96 bpm (see
Figure 4). Using just one signal leads to different MAEs - for PPG signal is the MAE equal to 1.01
bpm and for ECG signal it is 1.17 bpm. Therefore, the combination of both signals is considered
more accurate.

Figure 4: Mean Absolute Error of RR estimations for every record

As can be seen in Figure 4, the records 5 and 27 have MAEs considerably bigger than the rest of the
records. Their breathing frequencies (according to the reference provided by the BIDMC database)
were significantly lower and thus did not fall within the physiological range. Therefore, the correct
respiratory signal could not have been derived. Extending the frequency band would decrease the
accuracy of the estimation in general, thus the introduced algorithm has been retained.
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5 CONCLUSION

In this study, the possibility of estimating the respiratory rate from non-respiratory signals was intro-
duced, which might be beneficial in medicine. This was achieved through respiratory signal extraction
from ECG and PPG, using continuous wavelet transform, and time and frequency-domain analysis.
The accuracy for physiological respiratory signals was very high.

Future work could improve the RR estimation from significantly pathological respiratory signals,
extracted from non-respiratory signals.
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