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Abstract Respiration Rate (RR) is the number of respirations or movements that 
determine inspiration and expiration calculated in breaths per minute (BrPM). The 
Respiration Rate Signal can be extracted from an electrocardiogram signal (ECG-
Derived Respiration). There have been many studies to extract the respiration rate 
signal from the ECG signal but there has been no study on the effectiveness of 
extracting the respiration rate signal with a digital filter, therefore, this study aimed 
to determine the effectiveness of the Infinite Impulse Response (IIR) digital filter in 
the design of the Butterworth Filter and the Chebyshev I filter based on the selection of 
different orders, namely orders 4, 6, and 8 to extract the Lead II Electrocardiogram 
signal-based Respiration Rate signal. This study used the AD8232 ECG module, 
Arduino Nano, Ms. Excel, and MATLAB. The method used to analyze the signal 
was the Fast Fourier Transform (FFT) method. The tricks were to determine the 
components of the mean frequency, the mean power frequency, and the mean power 
frequency respiration rate obtained from the use of the IIR digital filter on respondents 
which would be compared with the gold standard in the form of phantom. The results 
were analyzed using a correlation analysis where in the Butterworth filter, the highest 
correlation value is 0.996 in order 6 while in the Chebyshev I filter, the highest 
correlation value is 0.999 in order 8. It can be concluded that the Chebyshev I digital 
filter of order 8 has the best effectiveness value. 
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1 Introduction 

Carbon dioxide and oxygen are exchanged in the body during respiration, a crucial 
physiological activity [1, 2]. Respiration Rate (RR) is the number of respirations 
or movements that determine inspiration and expiration calculated in breaths per 
minute (BrPM) [3, 4]. Normal breathing for adults is in the range of 12–20 times 
per minute [5], if there is a condition of RR > 27 then it indicates abnormalities in 
the heart system [6, 7]. Chronic obstructive pulmonary disease (COPD), congestive 
heart failure (CHF), and abnormal respiratory waveforms are a few disorders that 
can be detected early using respiration rate [6, 8–10]. 

The respiration rate signal can be obtained from the extraction of ECG or PPG 
signal [4, 11–15]. Signal extraction from ECG is called the ECG-derived respiration 
(EDR) technique. This EDR technique utilizes from single lead (Lead II) ECG signal 
leads by using gel electrodes when mounting on subjects [6, 10, 16, 17]. In this study, 
the focus was on extracting the respiration rate signal from the ECG signal (EDR) by 
utilizing the filter process. The filter functions to pass the cool signal frequencies and 
withstand unwanted signal frequencies. In the process of extracting, the filter signal 
used can be analog filters or digital filters. In analog filters, there is a disadvantage, 
namely, there is still much noise during the filtering process of the respiration rate 
signal from the ECG signal. Whereas, in digital filters, the noise produced is not as 
much as in analog filters [18, 19]. Digital filters are better in the use of the process 
of decreasing the signal respiration rate of the ECG, and in terms of the level of 
accuracy and precision, digital filters are more accurate and precise. 

Heman Sharma, et al., in 2015, conducted a study on respiration rate signal subduc-
tion from a single lead ECG using homomorphic filtering methods (discrete Fourier 
transform (DFT) and discrete cosine transform (DCT)) with a frequency from 0.2 
to 0.8 Hz. The results obtained based on the Kaiser window on the extraction of 
respiration rate signal showed that the use of the Butterworth filter was better than 
those of the Chebyshev I and FIR filters. This study still needs to be continued to 
carry out further analysis regarding the selection of filters and orders in the extraction 
of respiration rate signal [20]. 

Next, Preeti Jagadev, et al., in 2019 [21], conducted a study by using thermal 
cameras to monitor respiration rate with the algorithm method of Ensemble of regres-
sion trees, which is a method of comparing the performance of several IIR digital 
filters and an FIR filter. The results obtained showed that the extraction of respiration 
rate using the Butterworth filter was better, and the filter performance is good every 
time there is an increase in the filter order. A study by Christna Orphannidou in 2016, 
used the algorithm method of EEMD in IMF2 and IMF3 to retrieve EDR/PDR signal. 
An FIR filter was set on a band pass filter with a frequency from 0.1 to 0.6 Hz. The 
results obtained showed that the performance of the ECG was better than the PPG, 
although there was no significant difference. Respiration rate showed a mean absolute 
error of 1.8 bpm and a mean average error of 10% [4]. A study by Subhadeep Basu, 
et al., in 2020, compared the Butterworth digital filter with the Chebyshev I filter to
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see the effect of orders and cut off frequency on the ECG signal [18]. However, these 
filters have not been applied to analyze the respiration rate signal. 

Based on the previous studies, the researchers of this study were interested in 
conducting a study on ECG-free respiration rate signal extraction using the Infinite 
Impulse Response (IIR) digital filter in the design of the Butterworth filter and the 
Chebyshev I filter in orders 4, 6, and 8 with the Baseline Wander method using a 
Band Pass Filter with a Cut Off frequency from 0.1 to 0.5 Hz, based on the frequency 
of respiration rate signal [22]. The data would be processed on a personal computer 
using MATLAB software and analyzed using frequency-based features such as mean 
frequency and mean power, and median frequency of the signal. This study aimed 
to investigate the IIR filter performance to extract the EDR signal. 

2 Material and Methods 

2.1 Theoretical Background 

ECG-derived respiration. ECG-derived respiration (EDR) is an ECG-based respi-
ration rate signal extraction technique and is a non-invasive method for monitoring 
respiratory activity when the respiration rate signal is not recorded [16, 20]. In the 
clinical world, this method provides convenience because it allows for simultaneous 
monitoring of cardiac and respiratory signals from the ECG signal that has been 
recorded. The EDR technique has a category of methods, namely the multiple lead 
method based on the Angle of Mean Electrical Axis variation, the single lead method 
based on the R-wave amplitude (AM) frequency modulation (FM), and the baseline 
wander (BW), in addition to the heart rate-based method, discrete wavelet transform 
method, and band pass filter method [9, 22–25]. 

Of the several categories of methods used by the EDR technique above, the 
researchers applied the single lead method based on the baseline wander (BW) [2, 11, 
12]. This baseline wander method uses a band pass filter with a cut off frequency from 
0.1 to 0.5  Hz  [10, 22, 23]. The following Fig. 1 shows the ECG-Derived Respiration 
(EDR). 

Figure 1 shows the Approach to the Baseline Wander method as a way to obtain a 
respiration rate signal from an ECG (EDR) signal. Baseline wander is when expansion 
and contraction of the chest cavity occur in the breathing process, resulting in the

Fig. 1 ECG-derived 
respiration (EDR) 
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movement of the electrodes relative to the heart that will cause baseline wander on 
the ECG signal [15, 26, 27]. 

Electrocardiogram Leads. Leads using 3 electrodes are commonly used for 
simple monitoring, while leads using 2 electrodes are for active monitoring. The 
Lead II configuration can be obtained by placing the electrodes using the Einthoven 
triangle system, namely, the electrodes are placed at the torso, namely the Right arm 
(RA), Right Leg (RL), and Left Leg (LL) [26, 28, 29]. 

Filter Infinite Impulse Response. Digital filters of a certain type, such as the 
infinite impulse response (IIR) filter, are employed in DSP applications. The benefit 
of using IIR filters is that they demand less efficiency for steep frequency response, 
which cuts down on the amount of processing time [30]. Therefore, a digital filter is 
needed to extract the respiration rate signal based on the ECG signal from the IIR 
filter design type, namely the Butterworth filter (BF) and the Chebyshev type I filter 
(CT1F). The following Eqs. 1 and 2 show the formula for BF and CT1F [21]: 

y(n) = b0x(n) + b1x(n − 1) +  · · ·  
+ bM x(n − M) − a1y(n − 1) −  · · ·  −  aN y(n − N ) (1) 

And, the IIR filter transfer function given is 

H (z) = 
Y (z) 
X (z) 

= 
b0 + b1z−1 +  · · ·  +  bM z−M 

1 + a1z−1 +  · · ·  +  aN z−N 
(2) 

where the M numerator and N denominator coefficients, respectively, are bi and ai. 
The z-transform functions of the filter input x(n) and filter output y(n) are  Y (z) and 
X(z), respectively. 

|Hn( j ω)| = 1 /
1 + E2

(
ω 
ωc

)2n 
(3) 

where, n is the filter order, ω is the angular frequency, ωc is the cut off angular 
frequency, and E is the maximum band pass gain. The CT1F filter transfer function 
given is 

|Hn( j ω)| = 1 /
1 + R2 

f T 
2 
n

(
ω 
ωc

) (4) 

where, Rf is the ripple factor, and Tn is the Chebyshev polynomial of order n. 
Fast Fourier Transform. In the sectors of education, business, and the military, 

the Fast Fourier Transform (FFT) is a crucial method for solving all sorts of issues.
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This technique was first introduced by Gauss in 1805. However, FFT received atten-
tion during a seminar by Cooley and Tukey in 1965, where they found the main disci-
plines of digital signal processing [31]. The Fast Fourier Transform (FFT) transforms 
an analog time-domain signal into various frequencies using a complex exponential 
function [27]. Fast Fourier Transform can be defined by the following Eq. 5. 

S( f ) = 
∞∫

−∞ 

s(t)e− j2π f t  dt  

S( f ) = 
∞∫

−∞ 

s(t) cos(2π f t)dt  − j 
∞∫

−∞ 

s(t) sin(2π f t)dt (5) 

where, S( f ) is a signal in the frequency domain, s(t) is a signal in the time domain, 
and s(t)e− j2π f t dt  is the signal value constant. 

Fast Fourier Transform has an effective algorithm for computing Discrete Fourier 
Transform (DFT). The time it takes to evaluate the DFT on a computer mainly 
depends on the number of multiplications involved. DFT requires N2 multiplication. 
FFT only takes N log2 (N). This algorithm’s fundamental idea is the understanding 
that a discrete Fourier transform of a series of N points can be represented in two 
discrete Fourier transforms of length N /2. So, if N is a power of two, it is possible 
to apply this decomposition recursively until a Discrete Fourier Transform of single 
point is obtained. 

In digital signal processing (DSP) software, there are three classes of FFT 
commonly used, namely Decimation in Time (DIT), Decimation in Frequency (DIF) 
and Split Radix. Another type of FFT that has been used is parallel FFT uses parallel 
computing to sequence data so that the transformation process will be faster. FFT has 
a resolution of f s/N where f s is the value of the sampling rate and N is the number 
of sampled data. With computer limitations, the above equation, especially for the 
real part, can be approximated by the following Eq. 6. 

∞∫
−∞ 

s(t) cos(2π f t)dt  → 
Σ 

n 

x(nΔt) cos(2π f nΔt)Δt 

= 
Σ 

n 

x(nΔt) cos(2πnmΔtΔ f )Δt 

= 
Σ 

n 

x(nΔt) cos(2π 
nm 

N 
)Δt (6) 

where, m and n are integers, in the time domain, the signal is defined as T = N Δt , 
while in the frequency domain, Δ f = fs 

N where Δ f is the value of interval between 
frequency and fs = 1 

Δt = N Δ f. Thus, the equation ΔtΔ f = 1 
N is the link between 

the time domain and the frequency domain. If the number of data N is smaller than 
the sampling frequency, the resulting frequency will not be precise. The sampling
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frequency value must be greater than or equal to 2 times the maximum frequency 
value to avoid frequency aliasing [31]. 

Power Spectrum Density (PSD). The power present in a signal as a function 
of frequency is described by its power spectral density (PSD). When the signal is 
described just in voltage and there is no specific power connected with the amplitude, 
a PSD is typically stated in watts per Hertz (W/Hz). In this case, “power” is only 
considered in terms of the square of the signal, as its value will always be proportional 
to the actual power delivered by that signal within a given impedance. So, one can 
use the units V2 Hz−1 for PSD and V2s Hz−1 for ESD (Energy Spectrum Density) 
even though no power or energy is defined. Signal power intensity in the frequency 
domain is measured by a power spectral density, or PSD. The FFT spectrum of a 
signal is used to calculate a PSD. The amplitude and frequency content of a random 
signal can be characterized using information from a PSD [32]. A PSD can be defined 
using the following Eq. 7. 

Sxx  (ω) = lim 
τ →∞ 

E

[|xT Δ 

(ω)|2]
τ 

(7) 

where, Sxx  (ω) is the result of a power spectral density, xT 
Δ 

(ω) is the fast fourier 
transform of the Respiration Rate signal. 

Frequency Domain Feature. Power Spectral Density is commonly used to extract 
the frequency domain information (PSD). Welch is employed in this study to calculate 
the power spectral density. The frequency domain features employed are represented 
by the mathematical Eqs. (8), (9), and (10). 

Mean Frequency. The mean frequency is the average (mean) frequency calculated 
as the sum of the power spectrum products of the Respiration Rate signal and the 
frequency divided by the total number of spectrum intensities. The mean frequency 
defined using the following Eq. 8. 

MNF = 
MΣ 

j=1 

f j Pj / 
MΣ 

j=1 

Pj (8) 

where, f j is the spectrum frequency, Pj is the power of the Respiration Rate signal, 
and M is the length of the signal frequency. 

Median Frequency. The median frequency is the frequency at which the spectrum 
is divided into two regions of equal amplitude. The median frequency can be defined 
using the following Eq. 9. 

MDFΣ 

j=1 

Pj = 
MΣ 

j=MDF 

Pj = 
1 

2 

MΣ 

j=1 

Pj (9) 

where, MDF is the median frequency value, Pj is the power of the Respiration Rate 
signal, and M is the length of the Respiration Rate signal.
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Mean Power. The Mean Power (MNP) is the average (mean) value of the power 
spectrum of the Respiration Rate signal, defined by the following Eq. 10. 

MNP = 
MΣ 

j=1 

Pj /M (10) 

where, MNP is the mean power value, Pj is the power of the Respiration Rate signal, 
and M is the length of the Respiration Rate signal. 

2.2 Data Set 

This study was carried out by taking data on the phantom as a gold standard signal, 
data retrieval on the phantom was carried out with settings of 15, 20, and 30 brpm 
and heart settings of 80, 90, and 100 bpm, in each respiration rate setting with 
10 recordings of each setting. The amount of data obtained from the recording of 
phantom signal was 90 data, the time required was approximately 2 h. Then, data 
on 10 respondents with an age range of 20–30 years for 10 times per respondent 
was taken. Respondents were positioned to sleep on their backs with a relaxed state 
without speaking, gel electrodes were placed in the Lead II ECG position on the 
chest, namely RA, RL, and LL [6, 26, 28, 29]. Figure 2 shows how data were taken 
on the phantom and respondents. 

(b)(a) 

Fig. 2 Data collection a phantom b respondent
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Respiration 
Signal 

Digital Filter(IIR) 
Bandpass Filter
 (0,1 -0,5 Hz) 

Data Acquisition 

AD8232 Arduino Nano 

Fig. 3 Flowchart of experimental procedure 

2.3 Experimental Procedure 

This study used the AD8232 ECG Module to generate an ECG signal, Arduino 
Nano to be used as a microcontroller, MS. Excel to be used for signal recording, and 
MATLAB to be used for signal data processing [27, 33]. 

Figure 3 shows the research flowchart, where the output of the signal recorder by 
the AD8232 ECG Module is in the form of an ECG signal in the form of analog data 
that were processed on the Arduino. Arduino was used in this study as a microcon-
troller to forward the ANALOG ECG signal to a computer or PC to be displayed, 
recorded, and stored on MS. Excel. The stored analog signal was then be processed 
using MATLAB to extract the respiration rate signal based on the ECG signal using 
the Infinite Impulse Response (IIR) digital filter in the design of the Butterworth 
filter and the Chebyshev I filter in orders 4, 6 and 8. 

2.4 Data Processing 

Figure 4 shows the research framework, where the AD8232 ECG module output 
generates a lead II ECG signal. The ECG signal was recorded on MS. Excel with 
a sampling frequency of 100 Hz. Furthermore, the ECG signal was then processed 
in MATLAB software to go through the extraction process of the respiration rate 
signal.

The extraction process of the respiration rate of the ECG signal used the FFT 
method. This method will look at the frequency component of the ECG signal. After
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ECG Signal Lead II FFT Method 

Butterworth Chebysev I 

FFT Method FFT Method 

Phantom Spectrum Comparator 

AD8232 

Fig. 4 Research framework

extracting the respiration rate, the signal was filtered using the IIR digital filter in the 
design of the Butterworth filter in orders 4, 6, 8 and the Chebyshev I filter in orders 4, 
6 and 8. The signal that has been processed using the filters was then be reanalyzed by 
the frequency component using the FFT method. Furthermore, the results from the 
FFT analysis were processed using a spectrum comparator to see the effectiveness 
of the filters in extracting the respiration rate signal from the ECG. The effectiveness 
analysis process was carried out by comparing the shape and components of the 
respiration rate signal from the Butterworth filter and the Chebyshev I filter with 
the reference respiration rate signal derived from the phantom using a spectrum 
comparator. 

2.5 Data Analysis 

Mean. The calculation of the mean value is carried out to determine the trend of 
the heart rate measurement value and the respiration rate on the drowsiness level. 
The following Eq. 10 shows the mean value formula to be used in the data analysis 
process. In this equation, x is the mean data, 

Σ
xn is the data value, and n is the total 

data. 

mean(x) = 
Σ xn 

n 
(11) 

Relative Error. The relative error is used to determine the level of accuracy of 
the sensor reading to the actual value. The formula for the percent error or relative 
can be defined in the following Eq. 11.
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εe = 
xn − x 
xn 

× 100% (12) 

where, Xn is the standard mean and X is the research module mean. 
Correlation. A correlation is intended to explore the degree of relationship 

between two variables. A correlation coefficient is the measure for determining the 
degree of relationship between variables. The correlation coefficient can be defined 
using the following mathematical Eq. 13. 

R = n
(Σ 

XY
) − (Σ 

x
)
.
(Σ 

y
)

/
n 

Σ 
x 2 − (Σ 

x
)2 

.n
(Σ 

y2
) − (Σ

y2
) (13) 

where, n is the sum of the observations, x is the measurement of variable 1, y is 
the measurement of variable 2, Σxy is the sum of both variables, Σx is the sum of 
variable 1, Σy is the sum of variable 2, Σx2 is the sum of the squared values of 
variable 1, and Σy2 is the sum of the squared values of variable 2. 

3 Results 

3.1 Module Test Result 

The results of the tool making are presented in Fig. 5, namely the front of the tool 
and the inside of the tool consisting of the AD8232 ECG Module and Arduino Nano. 
The ECG module used in this study is the type of “Fully integrated single-lead ECG 
front end” AD8232. The circuit of the AD8232 module has 3 inputs that can later be 
utilized for input from the electrodes. The 3-electrode configuration used is designed 
to monitor ECG waveform which operates at a voltage of 2.0–3.5 V. The Arduino 
Nano is a small, complete, and breadboard-friendly board based on the ATmega328 
(Arduino Nano 3.x). It lacks only a DC power jack and works with a Mini-B USB 
cable instead of a standard one. An ADC (Analog to Digital Converter) is a type of 
analog-to-digital converter that converts a continuous analog waveform into a digital 
representation. The ADC pins on the Arduino Nano are 8 pins used in the study, 
namely the analog pin A4, the input voltage used is between 7 and 12 V, and the 
maximum current is 40 mA [33].

Figure 6 shows the sensor output in the form of an ECG signal displayed on the 
Digital Oscilloscope with a Time/DIV setting of 500 ms and Volt/DIV of 100 mv, 
so a sensor output amplitude of 120 mV is obtained. Figure 7 shows the testing 
of sampling frequency to determine the size of the Arduino sampling frequency. 
Testing is important, considering that the data from this testing are needed in the 
filter design process that will be used on the tool. To find out the sampling frequency, 
the researchers used the ADC reading program using analog pins and DigitalWrite
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(b)(a) 

Fig. 5 a Module b inside of module

on the digital pin as output which will be measured by a digital oscilloscope with a 
Time/DIV setting of 5 ms and Volt/DIV of 2 V, so an Arduino sampling frequency 
of 100.148 Hz is obtained. 

Fig. 6 Output of AD8232 ECG module on the oscilloscope
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Fig. 7 Testing of sampling frequency on the oscilloscope digital 

3.2 Research Results 

Results of the Butterworth filter on the phantom 

Figure 8 shows a graph of the mean dominant frequency yielded from the analysis 
using the FFT method on the phantom data with respiration rate settings of 15, 20, 
and 30 Brpm of the Butterworth filter in orders 4, 6, and 8.

Results of the Chebyshev I filter on the phantom 

Figure 9 shows a graph of the mean dominant frequency yielded from the analysis 
using the FFT method on the phantom data with respiration rate settings of 15, 20, 
and 30 Brpm of the Chebyshev I filters in orders 4, 6, and 8.

The shape of Respiration Rate signal on the phantom 

Figure 10a shows the shape of the ECG signal before filtering and Fig. 10b shows  
the shape of the Respiration Rate signal based on the extraction from the lead II ECG 
signal using the Butterworth filter in orders 4, 6, and 8.

Figure 11a shows the shape of the ECG signal before filtering and Fig. 11b shows  
the shape of the Respiration Rate signal based on extraction from the lead II ECG 
signal using the Chebyshev I filter in orders 4, 6, and 8.
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Fig. 8 Mean frequency FFT of the Butterworth filter on the phantom
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Fig. 9 Mean frequency FFT of the Chebyshev I filter on the phantom

Table 1 shows the results of the number of Respiration Rate signal, error values, 
standard deviations, and type values of the Butterworth and Chebyshev I filters in 
Order 4. Then, Table 2 shows the results of the number of Respiration Rate signal, 
error values, standard deviations, and type values of the Butterworth and Chebyshev 
I filters in Order 6. Finally, Table 3 shows the results of the number of Respiration 
Rate signal, error values, standard deviations, and type values of the Butterworth and 
Chebyshev I filters in Order 8.

Results of the Butterworth filter on respondents 

Figure 12 shows a graph of the mean dominant frequency yielded from the analysis 
using the FFT method on Respondent data using the Butterworth filter in orders 4, 
6, and 8.
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Fig. 10 a ECG signal. b Shape of the Butterworth filter signal on the phantom

Results of the Chebyshev I filter on respondents 

Figure 13 shows a graph of the mean dominant frequency yielded from the analysis 
using the FFT method on Respondent data using the Chebyshev I filter in orders 4, 
6, and 8.

The shape of Respiration Rate signal on respondents 

Figure 14a shows the shape of the ECG signal before filtering on Respondents and 
the filter result of order 4. Figure 11b shows the shape of Respiration Rate signal 
based on the extraction from the lead II ECG signal using the Butterworth filter in 
orders 4, 6, and 8.

Figure 15a shows the shape of the ECG signal before filtering on respondents and 
the filter result of order 4. Figure 15b shows the shape of Respiration Rate signal 
based on the extraction from the lead II ECG signal using the Chebyshev I filter in 
orders 6 and 8 (Fig. 15).

Table 4 shows the results of the number of Respiration Rate signal and error values 
of the Butterworth and Chebyshev I filter in each order. The data were obtained 
from the calculation of the peak count signal EDR. From the data, information was
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Fig. 11 Shape of the Chebyshev I filter signal on the phantom

Table 1 Results of the respiration rate on the phantom in order 4 

Phantom (BPM) Order 4 Error 

BF CT1F BF (%) CT1F (%) 

15 27.17 29.97 81.1 99.8 

20 20.97 24.17 4.8 20.8 

30 30.27 30.60 0.9 2.0 

Mean 26.13 28.24 28.9 40.9
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Table 2 Results of the respiration rate on the phantom in order 6 

Phantom (BRPM) Order 6 Error 

BF CT1F BF (%) CT1F (%) 

15 15.73 15.63 4.89 4.22 

20 20.57 20.33 2.83 1.67 

30 30.33 30.23 1.11 0.78 

Mean 22.21 22.07 2.94 2.22 

Table 3 Results of the respiration rate on the phantom in order 8 

Phantom (BRPM) Order 8 Error 

BF CT1F BF (%) CT1F (%) 

15 15.57 15.53 3.78 3.56 

20 20.47 20.23 2.33 1.17 

30 30.17 30.13 0.56 0.44 

Mean 22.07 21.97 2.22 1.72
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Fig. 12 Mean frequency FFT of the Butterworth filter on respondents
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Fig. 13 Mean frequency FFT of the Chebyshev I filter on respondents
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Fig. 14 a, b The shape of Butterworth filter signal on respondents

obtained that the smallest error value of the Chebyshev I filter in order 8 was 4%, 
and the largest error value was obtained in order 4. This is because in order 4, the 
resulting signal has a lot of noise so that the peak count has a large error value. This 
proves that the higher the order of the signal, the better the results, so the error of 
measuring the respiration rate using the peak count is smaller. Figure 16 shows the 
graph (boxplot) of the value of the respiration rate signal in respondents, and it can 
be seen from the graph that order 8 data distribution is more centralized from both 
the Butterworth and the Chebyshev I filter.
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Fig. 15 a, b The shape of Chebyshev I filter signal on respondents

Table 4 Respiration rate error value on respondents 

Order Setting (BRPM) Filter type Error % 

BF CT1F BF (%) CT1F (%) 

4 21.1 71.4 70.1 238.4 232.2 

6 36.3 27.3 72.0 29.4 

8 23 21.9 9.0 3.8
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Fig. 16 Respiration rate error value on respondents 

3.3 Correlation Analysis 

The correlation value (r) ranges from 1 to −1; the value closer to 1 or −1 means 
that the relationship between the two variables is getting stronger, on the contrary 
the value closer to 0 means that the relationship between the two variables is getting 
weaker. A positive value indicates a unidirectional relationship (X goes up then Y 
goes up) and a negative value indicates an inverse relationship (X goes up then Y goes 
down). According to Sugiyono [34], the guidelines for providing interpretation of the 
correlation coefficient are 0.00–0.199 for very low, 0.20–0.399 for low, 0.40–0.599 
for medium, 0.60–0.799 for strong and 0.80–1.000 for very strong. 

Butterworth filter. The PSD components were yielded from the phantom and 
respondents signals using the Butterworth filter with different orders, namely orders 
4, 6, and 8 with Respiration Rate settings of 15, 20, and 30 brpm and heart rate settings 
of 80, 90, and 100 bpm. Furthermore, the component values taken include Mean F, 
which is a table of mean frequency value, Mean P, which is a mean power value, and 
Median F, which is a middle value of frequencies. Then, the data were analyzed using 
a correlation analysis between the phantom values and respondent values. Table 7 
shows the results of correlation between the phantom and respondents in orders 4, 
6, and 8. Based on the results of the correlation analysis values for the phantom and 
respondents using the Butterworth filter, the highest (strongest) correlation value is 
0.996982309 in order 6. 

Chebyshev, I filter. The PSD components were yielded from the phantom and 
respondent signals using the Chebyshev I filter with different orders, namely orders 4, 
6, and 8 with Respiration Rate settings of 15, 20, and 30 brpm and heart rate settings 
of 80, 90, and 100 bpm in Orders 4, 6 and 8. Furthermore, the component values 
taken include Mean F, which is a table of mean frequency values, Mean P, which is 
a mean power value, and Median F, which is a middle value of frequencies. Then, 
the data were analyzed using a correlation analysis between the phantom values and
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respondent values. Table 8 shows the results of correlation between the phantom and 
respondents in orders 4, 6, and 8. Based on the results of the correlation analysis 
values for the phantom and respondents using the Chebyshev I filter, the highest 
(strongest) correlation is 0.999669555 in order 8. 

4 Discussion 

Figures 8 and 9 show graphs of the mean dominant frequency yielded from the 
FFT method after using the Butterworth and Chebyshev I filters with a respiration 
rate of 15 Brpm on the phantom, showing the same result of 0.2563 Hz in each 
order. Furthermore, a respiration rate of 20 Brpm on the phantom showed a result of 
0.3418 Hz in each order. Then, a respiration rate of 30 Brpm on the phantom also 
showed the same result of 0.5127 Hz in each order. Figure 12 shows a graph of the 
mean dominant frequency of the respiration rate signal yielded from the FFT method 
after using the Butterworth filter on respondents, showing the same result of 0.31 Hz 
and Fig. 13 shows a graph of the mean dominant frequency of the respiration rate 
signal yielded from the FFT method after using the Chebyshev I filter on respondents, 
showing the same result of 0.32 Hz in each order. In the Butterworth and Chebyshev, 
which I filter in each order, both from the phantom and respondents’ data, it is shown 
the frequency value of the respiration rate signal that had been extracted from the 
ECG signal, namely the frequency range of 0.1–0.5 Hz. 

Tables 1, 2, and 3 show the results on MATLAB processing based on the phantom 
data in the form of a Respiration Rate signal extracted from an ECG signal, showing 
the smallest error value in the Chebyshev I (CT1F) filter in order 8 of 1.72%. Then 
Tables 4, 5, and 6 show the results on MATLAB processing based on respondents’ 
data in the form of a Respiration Rate signal extracted from the ECG signal, showing 
the smallest error value in the Chebyshev I (CT1F) filter in order 8 of 3.8%. It can 
be concluded that the extraction results of the Respiration Rate signal based on the 
ECG signal with the Butterworth and Chebyshev I filter in orders 4, 6, and 8, the best 
result was found in the Chebyshev I (CT1F) filter in order 8 from both the phantom 
and respondents’ data. 

The correlation between the phantom and respondents with Mean F, Mean P, 
and Median F components in the Butterworth filter, namely in Table 7, showed the 
highest (strongest) correlation result, namely in order 6 of 0.996982309. Meanwhile,

Table 5 Correlation coefficient in the Butterworth filter 

Correlation between the phantom and 
respondents 

Correlation coefficient Correlation category 

Order 4 0.568053032 Medium 

Order 6 0.996982309 Very strong 

Order 8 0.415058226 Medium
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Table 6 Correlation 
coefficient in the Chebyshev I 
filter 

Correlation 
phantom and 
respondents 

Correlation 
coefficient 

Correlation 
category 

Order 4 0.95936178 Very strong 

Order 6 0.99858902 Very strong 

Order 8 0.999669555 Very strong

the correlation between the phantom and respondents with Mean F, Mean P, and 
Median F components in the Chebyshev I filter, namely in Table 8, showed the 
highest (strongest) correlation result, namely in in order 8 of 0.999669555. This 
suggests that the Chebyshev I filter of order 8 is better than the Butterworth filter 
because the correlation value obtained reaches 0.999. 

The results of this correlation are positive results (positive correlations), which 
means the correlation between the two variables, in this case are the phantom and 
respondents, is in the same direction. That is, if variable X increases then variable 
Y also increases or vice versa. It can be concluded that the correlation value is very 
strong. It can prove the effectiveness in extracting the Respiration Rate signal based 
on the ECG signal, namely the Chebyshev I filter in order 8. 

When compared to the previous studies [20, 21], this study has succeeded in 
comparing the effectiveness of the use of IIR digital filters with an increase in orders 
where the most effective filter to extract respiration rate signal from ECG signal was 
obtained, namely the Chebyshev I filter of order 8. This is shown from the results of 
the error value of the respiration signal from a gold standard and respondents which 
are smaller than the previous studies [4]. 

5 Conclusion 

This study was conducted to determine the effectiveness of the use of the Infinite 
Impulse Response (IIR) digital filter in the design of the Butterworth Filter and the 
Chebyshev I filter with an increase in orders 4, 6, and 8 in extracting the respiration 
rate signal based on the ECG signal. The results of this study showed that the Cheby-
shev I filter of order 8 was better than the Butterworth filter based on the analysis 
of the highest (strongest) correlation from the phantom to respondents, and based 
on the smallest error values of both the phantom and respondents’ respiration rate 
signals. 

The disadvantage of the research that has been carried out is that, it has not been 
able to calculate the Respiration Rate in real time and there is no display in the 
form of a signal processing software on MATLAB. It is hoped that this study can 
add insight and knowledge about the Respiration Rate Signal extraction Method, 
especially using the digital filters on MATLAB, and can be used as a reference for 
subsequent studies.
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