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Heart Rate Feature Extraction based on
Neurokit2 with Python
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Abstract—Cardiovascular disease (CVD) is caused by disorders
of the heart and blood vessels. Cardiovascular disease includes
coronary artery disease (myocardial infarction), cerebrovascular
accident (stroke), hypertension (high blood pressure), peripheral
artery disease, rheumatic heart disease, and congenital heart
disease. heart failure. However, an estimated 80% of strokes are
preventable, based on diet, exercise, and "listening"* to your body's
cues before a stroke has occurred. Up to now, heart disease is still
a potential risk affecting the health and life of patients. We
analyzed algorithms to filter ECG signals and gain feature
extraction in order to process experiment data. The methods of
Neurokit2 were proposed to analyze the sample signal and acquire
details of feature extraction. The results show the numeric
difference in 3 states: Relax, Walk and Run.

Index Terms— Cardiovascular disease (CVD),
extraction, Neurokit2, Electrocardiograph (ECG).

feature

. INTRODUCTION

EART rate monitoring is a crucial aspect of maintaining

heart health. The maximum and minimum heart rate
(number of beats per minute) are different between different age
groups, the monitoring system, therefore, should be compatible
enough to handle this scenario. The heart is one of the most
important organs in the human body. It acts as a pump for
circulating oxygen and blood throughout the body, thus keeping
the functionality of the body intact. A heartbeat is produced due
to the contraction of the heart and is defined as a two-part
pumping action that takes about a second. When blood collects
in upper chambers (the right and left atria), the SA (Sino Atrial)
node sends out an electrical signal that causes the atria to
contract. This contraction then pushes the blood through
tricuspid and the mitral valves into the resting lower chambers
(the right and left ventricles) [1][2]. This two-part pumping
phase called diastole. The next phase begins when the ventricles
are full of blood. The electrical signals generated from the SA
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node reach the ventricle causing them to contract. This phase of
the pumping system is called systole. To prevent the back flow
of blood, the tricuspid and mitral valves are closed and the
pulmonary and aortic valves are pushed open. When the blood
moves into the pulmonary artery and aorta, the ventricles relax
and the pulmonary and aortic valves close. Due to the lower
pressure in the ventricles that cause the tricuspid and mitral
valves to open, and another cycle start again.

Nowadays, many health problems are related to the heart.
Especially, heart diseases are one of the most important causes
of death among men and women. It has been shown that many
heart problems can be identified through heart rate. Therefore,
heart rate monitoring is crucial in the study of heart
performance and thereby maintaining heart health [3]. In this
paper, algorithms for heart rate feature extraction are proposed.
The electrocardiogram (ECG) signals are measured by using
the AD8232 ECG sensor.

An electrocardiogram records the electrical signal from your
heart to check for different heart conditions. Electrodes are
placed on your chest to record your heart's electrical signals,
which cause your heart to beat. The signals are shown as waves
on an attached computer monitor or printer. There are three
main components to an ECG: the P wave, which represents the
depolarization of the atria; the QRS complex, which represents
the depolarization of the ventricles; and the T wave, which
represents the repolarization of the ventricles. The main
features of ECG signal are PSQRT peak, ST segment, QT
segment, PR interval, and QT interval [5]. Digital filters are
more accurate and precise than analog filters. Digital filters are
Finite Impulse Response (FIR) and Infinite Impulse Response
(1R) [8][9].

In this paper, FIR filter with Kaiser Window is used to
remove the artifacts from ECG with less modification in the
waveform and Neurokit2 [16] is then utilized to process feature
extractions.

Il. SIGNAL PROCESSING METHOD

A. Pre-filtering — Feature Extraction

The ECG signals are encountered by mainly four types of
noises: baseline wander, powerline interference, EMG noise,
and electrode motion artifacts. In order to remove these noises,
digital filters are widely used because they are more accurate
and precise than analog filters [8][9]. There are two
fundamental types of digital filters: Finite Impulse Response
(FIR) and Infinite Impulse Response (IIR). The FIR filters have
the following advantages over IIR filters: 1- FIR filters do not
have feedback, therefore they are always stable for any type of
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input signal; 2- FIR filters can be easily designed to have a
linear phase; 3- FIR filters can be customized easily due to its
arbitrary frequency response. Due to these advantages, FIR
filters are widely deployed in biomedical signal enhancement
applications.

Baseline wander is a low-frequency artifact in ECG that is
caused by improper electrodes (poor contact), body movement,
and respiration. The occurrence of baseline wander may
interfere  with signal analysis, rendering the clinical
interpretation inaccurate and misleading. The frequency content
of baseline wander is usually less than 1 Hz, but it may contain
higher frequencies during strenuous exercise [10].

The powerline interference represents a common noise
source in the ECG and other physiologic signals recorded from
the body surface. Depending on the country region, such noise
is characterized by a 50 or 60 Hz sinusoidal interference,
possibly accompanied by harmonics [11].

Raw ECG Noise R-peaks Heart rate
signal filtering detection calculation
Y
RR, ST, PQ, QS PQRT peaks
interval extraction extraction

Fig. 1. Diagram of ECG signal processing

B. Using FIR Low Pass Filter to Denoising

A low-pass filter is a filter that allows signals with low
frequencies (lower than cutoff frequency) to pass through and
attenuates signals with high frequencies (higher than the cutoff
frequency). The exact frequency response of the filter depends
on the filter design. The filter is sometimes called a high-cut
filter, or treble-cut filter in audio applications.

Equations use to build a FIR low pass Filter in direct form
realization [12-13].

1 |w| <w,
Hy () = {0 lw| > w,
where w is the cutoff frequency.

We want to design low pass filter with a cutoff frequency of
wcthe desired frequency response will be:

H(z) = Tio bz® @

To find the equivalent time-domain representation, we
calculate the inverse discrete-time Fourier transform.

Haln] = — [T Hg(w)e/*"dw )
Substitute Eqg. (2) into Eqg. (3), we obtain the impulse
response of an ideal lowpass filter.

_ 1 roc jon _ sin(nwc)
Hyln] = [ 5 e/"dw = ——= 4)
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C. Proposed Algorithm for ECG signal After Filtering R Peak
Features Extraction

NeuroKit2 is an open-source, community-driven, and user-
centered Python package providing easy access to advanced
neurophysiological signal processing routines. These
processing routines include high-level functions that enable
data processing in a few lines of code using validated pipelines,
which we illustrate in two examples covering the most typical
scenarios, such as an event-related paradigm and an interval-
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related analysis. The package also includes tools for specific
processing steps such as rate extraction and filtering methods,
offering a trade-off between high-level convenience and fine-
tuned control. Its goal is to improve transparency and
reproducibility in neurophysiological research, as well as foster
exploration and innovation. Its design philosophy is centered on
user experience and accessibility to both novice and advanced
users [16].

I1l. EXPERIMENT

In this study, ECG data were recorded on 10 people in 3
different states: resting, walking, and running. The AD8232
ECG sensor was attached to the Raspberry Pi device with a
battery.

All samples are recorded in both normal and abnormal
conditions with 3 of these above states. All the recorded data
will save on the SD card and we will use them to test with our
model code in order to find out the different ECG feature
extraction between each person.

Fig. 2. Stu
states

IV. RESULTS AND DISCUSSIONS

In order to choose a suitable algorithm to detect R-peaks, we
calculated errors like: out of bounds for the axis with different
indexes as the results are shown in Fig. 3. We also calculated
the execution time and accuracy between the neurokit library
[16] and 9 popular algorithms were published by the authors
Pan Tompkins [17], Hamilton [18], Martinez [19], Christov
[20], Gamboa [21], Elgendi [22], Engzeemod [23], Kalidas
[24], and Rodrigues [25]. The obtained results are depicted in
Fig. 4 and Fig. 5. From Fig. 3, it seems that gambo0a2008 and
martinez2003 are particularly prone to errors, especially in the
case of a noisy ECG signal. Aside from that, the other
algorithms are quite resistant and bug-free. Fig. 4 shows that
gamboa2008 and neurokit are the fastest methods, followed by
martinez2003, kalidas2017, rodrigues2020, and hamilton2002.
The other methods are then substantially slower. As shown in
Fig. 5, the accuracy is computed as the absolute distance from
the original “true” R-peaks location. As such, the closer to zero,
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the better the accuracy, therefore it seems that neurokit,
kalidas2017 and martinez2003 are the most accurate algorithms
to detect R-peaks.

From the calculation results, we found that the neurokit
library has the best results. Therefore, in this article, we will
continue to develop the neurokit library to process ECG signals.
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Fig. 3. Errors between 10 algorithms [16]

Method

4 neurokit

A pantampkins 1985

& hamilton2002
martinez2003
christov200d

& gamboaZ00s

se-04 # elgengi2010

& engzeemod2012

W kalidas2017

4 rodrigues2020

1e-03

Duration (seconds per data sample)

De+00

S : g > ° o

& & i l‘.},@ & S > s .LD@
A A S A & ¢
& & 4 ST & & & & &
& & & b & & & R &
o
v
Method

Fig. 4. Execution time between 10 algorithms [16]
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Fig. 5. Accuracy between 10 algorithms [16]

To filter raw ECG signals for feature extraction, we used a
low pass FIR filter as mentioned in Section 11, and the obtained
result of object 1 in resting state is shown in Fig. 6. It is clear
from Fig. 6 that, before filtering ECG signal is interfered by
baseline wander and powerline interference. After filtering, the
noise had been removed and the signal becomes smoothy
pointing out details of the ECG beat signal.
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Fig. 6. ECG signal before and after filtering

After filtering ECG signals, we continued to detect R peaks
based on the Neurokit library and calculate the average heart
rate. The obtained result is shown in Fig. 7. In this figure, it
shows that the Neurokit library [16] detected almost R-peak in
filtering ECG signals.

Fig. 7. Detect R peak and Heart Rate after filtering (Object1)
After detecting R peaks and average heart rate, we continued
to detect the other peaks of ECG signals (P, Q, S, T) as shown

in Fig. 8. The details of the P, Q, S, and T peaks were very
precise. The left of Fig. 8 shows the full detection of the signal
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and the right of Fig. 8 zooms into the first 3 beats of detection.

Fig. 8. Detect P Q ST peak of ECG signal after filtering

After we detected all peaks of the ECG signal, we continued
to detect R-R and S-T. P-Q. Q-S interval in 3 different states
(relaxing, walking, running). The obtained result is shown in
Fig. 9. It shows that in a relaxing state the R-R, S-T, P-Q, and
Q-S have the highest amplitude. Meanwhile, the running state
has the lowest amplitude.

R-R Interval ST interval

Fig. 9. Detect R—RSTMPQ and Q-S interval of ECG S|gn21I after filtering in
3 different states

We continued to run the rest of the real data sample in a
relaxing state. The result is obtained in Table 1. In this table the
distance of the average R-R interval from Table 1 is between
558.89 ms and 804.43 ms and the standard deviation is between
26.05 and 169.25. The S-T interval is between 159.76 and
216.38 and the standard deviation is between 12.83 and 96.36.
The P-Q interval is between 76.38 ms and 207.46 ms and the
standard deviation is between 33.15 and 149.78. The Q-S
interval is between 37.68 ms and 102.80 ms and the standard
deviation is between 3.39 and 31.43.

TABLE |
ECG FEATURES EXTRACTION FOR RELAXING SAMPLES

Relaxing
RR ST PQ QS
Avg Avg Avg Avg
Distance Distance Distance Distance
(ms) SD (ms) SD (ms) SD (ms) SD
1 753.87 26.05 21447 1283 76.38 4147 5157 18.27
2 85533 57.33 21897 30.18 12356 80.44 37.68 6.01
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3 72375 8246 20382 10.06 20746 116.09 4571 3.62
4 670.70 4472 189.83 21.93 10737 79.27 102.80 24.94
5 63387 4933 20796 67.72 150.36 67.66 50.51 18.73
6 63489 2591 186.41 34.12 9050 33.15 50.33 30.13
7 71140 16925 19473 96.36 121.22 11629 8262 31.43
8 804.84 14448 159.76 28.35 159.72 149.78 98.11 1851
9 558.89 52.07 16485 70.70 86.02 83.65 79.81 30.64
10 804.43 5356 216.38 1642 136.87 61.12 40.79 3.39
av

g 71520 7052 19572 38.87 125.95 82.89 6399 18.57

We continue to run the rest of the real data sample in a
walking state. The result obtained is shown in Table 2. In the
walking state, the distance of the average R-R interval from
table 4.2 is between 500.27 and 737.83 and the standard
deviation is between 3.39 and 106.76. The S-T interval is
between 121.35 and 224.81 and the standard deviation is
between 3.39 and 106.76. The P-Q interval is between 80.95
and 157.04 and the standard deviation is between 31.91 and
119.81. The Q-S interval is between 41.88 and 99.55. The
standard deviation is between 10.56 and 46.30.

TABLEI
ECG FEATURES EXTRACTION FOR WALKING SAMPLES
Walking
RR ST PQ QS
Avg Avg Avg Avg
Distance Distance(m Distance Distance
(ms) SD s) SO (ms) sD (ms) sD
1 60870 7242 185.64 48.17 96.78 101.18 5859 25.14
2 599.21 6556 16241 5231 125.27 8191 48.24 2581
3 62481 106.76 142.06 58.33 157.04 111.60 61.14 24.69
4 58045 2565 17725 36.70 99.46 49.13 99.55 28.30
5 50027 19.93 12422 6492 140.22 77.82 6891 32.12
6 50543 2121 121.35 6454 8095 31.91 43.38 20.89
7 737.83 1462 22481 23.06 132.08 119.81 71.60 46.30
8 62285 4045 132.05 13.24 98.80 42.03 83.72 15.52
9 45437 4353 150.71 73.38 101.50 72.08 71.72 31.02
10 589.24 4051 169.82 20.37 155.47 65.60 41.88 10.56
Avg 582.32 45.06 159.03 45.50 118.76 75.31 64.87 26.04

We continue to run the rest of the real data sample in a
running state. The result is obtained in Table 3. In the running
state, the distance of the average R-R interval from table 3 is



Vol.13/No.1 (2021)

between 455.30 ms and 621.98 ms and the standard deviation
is between 14.80 and 354.64. The S-T interval is between
103.41 ms and 174.14 ms and the standard deviation is between
17.62 and 66.63. The P-Q interval is between 80.95 ms and
166.23 ms and the standard deviation is between 27.04 and
192.27. The Q-S interval is between 39.83 ms and 97.94 ms and
the standard deviation is between 8.73 and 30.37.

TABLE Il
ECG FEATURES EXTRACTION FOR RUNNING SAMPLES
Running
RR ST PQ Qs
Avg Avg
Avg Avg Distan Distan
Distance Distance ce ce

(ms) SD (ms) SD  (ms) SD (ms) SD

1 45530 2310 149.83 20.83 80.95 68.18 4852 19.03
2 508.72 40.25 150.36 35.11 109.11 54.11 39.83 13.67
3 48169 58.90 129.81 36.18 122.18 64.99 48.96 15.97
4 557.75 26.46 17414 17.62 10430 44.00 9794 8.73
5 470.12 1480 14275 66.63 136.37 69.02 57.31 30.37
6 62198 354.64 109.46 43.07 82.18 39.66 47.58 21.54
7 581.13 210.71 156.66 65.10 166.23 192.27 59.99 31.46
8 47002 4183 10341 29.76 90.14 27.04 76.86 23.99
9 48257 236.01 116.70 62.16 109.32 78.76 65.31 28.87
Av

g 51436 111.86 137.01 41.83 111.20 70.89 60.26 21.51

V. CONCLUSION

In this study, we proposed to use FIR low pass filter to
denoise raw ECG signals and utilized Neurokit 2 algorithms for
feature extraction. The experiment was performed on 10 people
in 3 different states (resting, walking, and running). The
average values of all subjects show the difference between the
amplitude of peaks, intervals, and standard deviation very
clearly. This experiment helps us to propose that Neurokit2
algorithms work more effectively than the others. Average
numerical results of the resting state demonstrated that the RR,
ST, PQ, and QS of the relaxing state are 715.20ms, 195.72ms,
125.95ms, and 63.99ms, respectively. The corresponding SD
numbers are 70.52, 38.87, 82.89, and 18.57 respectively. For
the walking state, the average values of RR, ST, PQ, and QS are
582.32ms, 159.03ms, 118.76ms, and 64.87ms, respectively.
The corresponding SD numbers are 45.06, 45.50, 75.31, and
26.04, respectively. During the running state, the average
values of RR, ST, PQ, and QS are 514.36ms, 137.01ms,
111.20ms, and 60.26ms, respectively. The corresponding SD
numbers are 111.86ms, 41.83ms, 60.26ms, and 21.51ms,
respectively.
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