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Abstract. In case of mass casualties, it is necessary to obtain different vital signs
including respiratory rate effectively and accurately. The more physiological sig-
nals are measured individually - the more time it takes to obtain multiple vital
signs. In addition, a lot of technical equipment is needed. Because of that, it is
effective to derive multiple vital signs from measurement of one single physio-
logical signal. It is possible to derive respiratory rate from ECG signal. In this
paper, we are constructing an appropriate solution based on different methods for
extraction of respiratory rate from ECG signal using Python programming lan-
guage together with suitable Python libraries for data processing. We managed
to implement three methods and validate the accuracy of the calculations by Pear-
son’s and Spearman’s coefficients of correlation, as well as by root mean square
error between of the RR calculated from derived and measured respiration signal.
For the best method, we completed the algorithm reaching the coefficients of
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correlation equal to 0.703 and 0.700. The root mean square error is equal to 1.84
breaths per minute.
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1 Introduction

Acquisition of different vital signs in case of mass casualties, for example war or natural
disasters like earthquake or volcanic eruption, needs to be completed in order to accom-
plish triage procedure using START triage system [6]. In this procedure, individual
casualties are sorted into different classes marked by four colors (green, yellow, red,
black). Marking depends on how critical health status of a victim is. The great challenge
is timely evaluation of critical changes in health conditions of triaged victims (e.g. from
yellow to red). This process needs to be performed quickly and precisely.

However, it is challenging to obtain multiple vital signs in short time since measure-
ment of each physiological signal appropriate for obtaining particular vital sign is time-
consuming and it requires a lot of special technical equipment. Because of that, there is
an idea to derive certain vital signs from measurement of another physiological signal.
With this approach, one single biosensor could be used for obtaining multiple vital signs
and detect critical changes of victim’s health.

Respiratory rate (RR), i.e., number of breaths per minute, can be obtained using im-
pedance pneumography measuring electrical activity in a chest while breathing. An-
other technology for measuring the RR is a capnography monitor which measures car-
bon dioxide levels of each breath [12]. However, this is the exact case of struggling
with too much equipment and therefore, these technologies are not suitable for us since
this struggling negatively impacts the whole usability of the system.

An electrocardiogram (ECG) is measurement of heart activity based on electric sig-
nals evoked by the heart as its parts contract [4]. It is possible to derive the RR from
measured ECG signal. In ECG signal, we can see repetition of the PQRST-complex. It
is a series of peaks and waves representing depolarization and repolarization of differ-
ent parts of the heart [13].

There are several methods for extraction of the RR from ECG signal. They differ in
what pattern in ECG signal is used to estimate the RR. Therefore, their advantages and
drawbacks vary, too. In [1], the authors use Respiratory Sinus Arrhythmia to estimate
the RR. This phenomenon causes heart rate variability (HRV). In [2], the authors took
another approach when they used Peak Amplitude Variation (PAV) caused by chest
movement of the patient while breathing. Finally, according to [3], cubic spline inter-
polation through all the R-peaks can be performed to derive respiratory signal while
capturing the Baseline Wander (BW) phenomenon.

There is also a functionality in HeartPy library which is created to process the ECG
signal [5]. This processing includes also calculating the RR. However, Jovanov et al.
used this feature to estimate the RR and the results were insufficient, giving the Pear-
son’s coefficient of correlation equal to -0.016 [4]. Eventually, there is a functionality
in NeuroKit2 library used for derivation of respiration signal from ECG signal which



is a key part in the process of calculating the RR from ECG [7]. However, the author
of the documentation mentions that this functionality is not complete and needs further
work.

Deriving particular vital sign often requires appropriate data preprocessing, espe-
cially different signal processing techniques. Of course, good quality of the data is im-
portant since only well-measured data can provide us with correct values.

In this paper, we are implementing different methods for extraction of the RR from
measured ECG signal in Python programming language. We are also evaluating our
implementation and discussing its weak points.

In section I, we are presenting our solution in Python, especially the libraries used,
signal processing techniques performed, dataset used for testing the solution and steps
of the whole algorithm of calculating the RR. Results are presented in section |11 and
discussed in section IV. Conclusion is made in section V.

2 Methodology

We have implemented three methods mentioned above. In each of them, we are per-
forming cubic spline interpolation through appropriate values to obtain respiration sig-
nal (see Table 1).

The method Values used for cubic spline interpolation

HRV Distances of every two subsequent R-peaks

PAV Amplitudes of R-peaks (calculated as a difference be-
tween signal values of the R-peak and the S-peak)

BW Signal values of the R-peaks

Table 1. The values which cubic spline interpolation is performed through depending on the
particular method.

We used Python programming language and suitable Python libraries and modules
for the implementation, especially NeuroKit2 [7] and SciPy [10] for processing the
ECG signal, Pandas [11] and NumPy [8] for manipulation with the data and Matplotlib
[9] for data visualization.

The dataset used for testing our solution is the well-known Fantasia Database [14,
15]. The dataset consists of 40 recordings of ECG and respiration signal measured sim-
ultaneously in supine resting position. The sampling rate is 250 Hz. From each of the
recordings, we took first 60 minutes and split them into 1-minute-long sections, getting
2400 sections in total.

2.1  Signal processing

Before running individual methods, we applied a second order bandpass Butterworth
filter [16] on it in order to reduce noise. In all the methods, we set the highcut of 60 Hz
and except of the BW method, we also set lowcut of 1 Hz. Originally, we followed
Sarkar et al. [1] when choosing the boundaries with highcut of 47 Hz. However, we did



not want to have the R-peaks in the ECG signal cut so much, so we increased the high-
cut to 60 Hz. We did not apply the lowcut for the BW method, because the baseline
wander which we want to capture is present in the lowest frequencies of the signal.
After running the methods, we used 0.1 Hz and 1 Hz boundaries for filtering derived
respiration signal. It means that in all the methods, we expect RR values from 6 to 60
breaths per minute. With these boundaries, we expect not only standard values of the
RR, but also abnormal ones which is necessary in the cases of mass casualties since an
injured person may breathe very intensively.

To calculate the RR from the derived respiration signal, we use a special functional-
ity in the NeuroK:it2 library in which cross-correlations between the changes in the res-
piration signal with a group of sinusoids of different frequencies are calculated to obtain
the principal frequency of the signal [7].

To summarize the process, the common steps for all the methods are following:

Step 1: we read the ECG signal from an appropriate file.

Step 2: the signal is filtered using second order bandpass Butterworth filter in order
to reduce noise.

Step 3: respiration signal is derived from the ECG signal by the method currently
being used for calculating the RR.

Step 4: the respiration signal is filtered by second order bandpass Butterworth filter
with lowcut of 0.1 Hz and highcut of 1 Hz (6 to 60 breaths per minute).

Step 5: the RR is calculated using the cross-correlation method implemented in Neu-
roKit2 library.

We calculate the RR values from the measured respiration signal in the same way as
from the derived respiration signal. We filter the measured respiration signal with the
same boundaries (0.1 and 1 Hz) and calculate the RR values using the cross-correlation
method.

3 Preliminary results

Now that we have calculated the RR values from both derived and measured respiration
signals, we are able to validate the accuracy of the implementation. To do so, we cal-
culated Pearson’s and Spearman’s coefficients of correlation and root mean square er-
ror (RMSE) between the RR values calculated from the derived respiration signal and
the ones calculated from the measured respiration signal. Results of these calculations
are displayed in Table 2. The HRV method reaches the highest correlation coefficients,
but on the other hand, the BW method provided us with the lowest RMSE equal to
1.684 breaths per minute. The PAV method lags a little behind having both coefficients
of correlation lower than 0.5 and RMSE higher than 2 breaths per minute. The correla-
tion diagram of the RR values calculated from the measured and the derived respiration
signal for the BW method is displayed in Fig. 1.



When constructing the final algorithm, we will use the BW method because of the
lowest RMSE which is the most important for us when considering accuracy of the
calculation. Moreover, it is a little faster method than the HRV method.

Method Pearson’s Spearman’s RMSE

coefficient coefficient
HRV 0.615 0.601 1.949
PAV 0.445 0.464 2.018
BW 0.593 0.581 1.684

Table 2. Pearson’s and Spearman’s coefficient of correlation and root mean square error between
the RR values calculated from the measured and the derived respiration signal by each of the
implemented methods.

w_calculated

Fig. 1. The correlation diagram of the RR values calculated from the measured and the derived
respiration signal for the BW method (Pearson’s coefficient of correlation equal to 0.703 and
Spearman’s coefficient of correlation equal to 0.700).

4 Final algorithm

As we mentioned, we will use the BW method in the final algorithm. However, there
are two weak points which we should care about before finalizing it.

Firstly, a 1-minute-long section is quite long when we consider that we want to cal-
culate the RR in real time. To get more actual values, we created 30-seconds-long sec-
tions from the first 60 minutes of the recordings. Every next section starts 5 seconds
after the start of the previous section. With this approach, we managed to obtain 28534
sections in total which is even better for more relevant validation of the algorithm.

Secondly, although the BW is simple and fast, the current algorithm takes quite long
time because of the cross-correlation method used for calculation of the RR from the
derived respiration signal. As we mentioned, this method compares the signal with a
group of sinusoids. It works with a help of a window of specified length and hop size.
The final RR value is calculated as an average of all the calculations using the window.
By setting appropriate values of the window length and the hop size, we could speed
up the calculation. We tested different combinations of values of these parameters, fi-
nally setting the window length of 10 seconds and the hop size of 7 samples.



In addition, we made the filter used for filtering the derived respiration signal adap-
tive at this point. The lowcut and the highcut is set dynamically according to the previ-
ous value of the RR. We did this because we don’t have to expect sudden huge changes
in the RR. For example, if the current RR is equal to 10 breaths per minute, the RR in
5 seconds will not be equal to 60 breaths per minute. The full mechanism is described
below. We set the particular values experimentally.

Here is the final algorithm:

Step 1: Read the ECG signal.

Step 2: Take first 30 seconds of the signal.

Step 3: Filter the current section using second order lowpass Butterworth filter with
the 60 Hz cutoff.

Step 4: Detect the R-peaks in the current section.

Step 5: Perform cubic spline interpolation through all the detected R-peaks. The
respiration signal is derived.

Step 6: Clean the respiration signal with second order bandpass Butterworth filter.
If the current section is the first one in the signal, lowcut is equal to 0.1 Hz (6 bpm) and
highcut is equal to 1 Hz (60 bpm). Otherwise, the lowcut is the maximum from 0.1 and
the previous calculated RR minus 0.16, and the highcut is equal to previous calculated
RR plus 0.2.

Step 7: Calculate the RR using the cross-correlation method.

Step 8: Take a next 30-second-long section starting 5 seconds after the start of the
current one.

Step 9: If the new section does not exceed the signal, repeat steps 3.-7. for it. Othe-
rwise, finish.

The workflow diagram for the final algorithm is presented in Fig. 2. Validating the
final algorithm by mentioned 30-second-long sections, we reach Pearson’s coefficient
of correlation equal to 0.703, Spearman’s coefficient of correlation equal to 0.700 and
RMSE of 1.84 breaths per minute. One calculation of the RR takes approximately 0.43
s. We can see that the RMSE is not as low as in the partial results, but the calculation
is much faster and the increase of the RMSE is not significant.

5 Discussion

The results of the implementation are much more positive than the results obtained by
HeartPy library (Pearson’s coefficient of correlation equal to -0.016) [4].

Except of the quite solid accuracy, the algorithm is able to calculate the RR in real
time since one calculation of the RR takes approximately 0.43 seconds and the algo-
rithm checks the signal every 5 seconds. It means that it has enough time for the calcu-
lation in real time.

Furthermore, the algorithm is able to expect abnormal values of the RR thanks to the
adaptive filter used for filtering the derived respiration signal. It is able to react on in-
crease and decrease of the RR and set the lowcut and the highcut of the filter accord-

ingly.



The recordings used for testing the solution were measured in a lying position. In
such position, a patient is relaxed and there is no tension in his/her muscles. We assume
that this fact helps the algorithm to be quite accurate. In case of mass casualties, the
patient may be for example in shock or other undesirable state. It is questionable
whether he/she is able to be relaxed enough to obtain appropriate data. The more his/her
body moves, the more artifacts are present in the signal and the less accurate the calcu-
lation may be. It is important to bear this in mind when deploying the solution.

)
/

Losd the ECG signal

"

Take first 30 seconds
of the =signa

—

Filter the currant
sEction using a
lowepass filter

Filt=r the derived respiration
signal with loveeut of
max(0 1, last RR-0.16) Hz
and highcut of Iast RR+0 2 Hz

Is the cumrent section
the first in the signal?

B

—

Filter the derived respiration
cignal with lowcut of 0.1 Hz
and highcut of 1 Hz

Detzct the R—paaksJ

|

Perform culbic spline
intenpolstion through
3l the detected R-
peaks
-

Mo

using the cross-

Ty
Cskulate the RR
comelation methad

ske 3 new 30-seconddang
s=ction starting 3 seconds
afier the start of the current
one

—

Dioss the new section
cesd the ECG signal?

Finish

Fig. 2. The workflow diagram for the final algorithm of the RR calculation from the ECG signal.



6 Conclusion

We managed to implement three methods for extraction of the RR from ECG signal
using Python programming language together with appropriate Python libraries. We
validated the accuracy of the calculations by Pearson’s and Spearman’s coefficients of
correlation, and root mean square error between the RR values calculated from the
measured and the derived respiration signal. After that, we were able to determine the
best method and construct the final algorithm.

The algorithm calculates the RR with root mean square error of 1.84 breaths per
minute, reaching 70% accuracy. Its speed and wide range of expected RR values is
suitable for cases of mass casualties. This solution is a good start when trying to use
only one biosensor when checking the health status of the patient.

The accuracy of the solution may be improved by experimenting with other filters
when filtering the ECG signal and the derived respiration signal (for example, the Che-
byshev filter can be used). It is also a good idea to experiment with order of the filters.
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