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Abstract—Cardiac disease, also known as cardiovascular dis-
ease, refers to a group of conditions that affect the heart and
blood vessels. Diagnosis of cardiac disease typically involves
a combination of medical history, physical examination, and
various tests, such as electrocardiograms (ECG/EKG), echocar-
diograms, and stress tests. To address this concern, we introduce
a mobile application called Smart-Health application, which
can continuously monitor electrocardiogram signals and display
Average Heart Rate (HR) along with the instantaneous HR. The
aim of this project is to discover cardiac diseases so that doctors
can monitor the accurate heart rate and take further actions
based on the results. Smart-Health application typically works
by collecting data from wrists or chest by electrodes. This data
is then processed and analyzed to provide the user with insights
into their health. We collected data from 10 participants and
compared it with KardiaMobile (AliveCor®, Mountain View, CA,
USA) commercial application. The error rate of the proposed
algorithm depends on several factors, including the accuracy
of the sensors used to capture the ECG signal, the algorithms
used to process the signal, and the quality of the hardware and
software components used to build the application. Experimental
results show an accuracy of up to 95-99%. This Smart-Health
application has the potential to improve health outcomes and
reduce healthcare costs, making it a valuable tool for both
individuals and healthcare providers.

Index Terms—Electrocardiogram (ECG), Instantaneous Heart
Rate (HR), KardiaMobile, Smart-Health Application.

I. INTRODUCTION

Cardiovascular diseases (CVDs), which include ischemic
heart disease, stroke, heart failure, peripheral arterial disease,
and several other cardiac and vascular illnesses, are the world’s
leading cause of death and a significant factor in decreased
quality of life [1]. Without appropriate treatment, heart disease
can lead to heart attacks or strokes [2]. There are several
methods and tools that can be used to monitor heart disease,
including monitoring ECG signal that measures the electrical
activity of the heart and can detect irregular heartbeats or
other abnormalities. Mobile health applications, or "mHealth”
apps, are becoming increasingly popular for monitoring heart
disease and promoting heart health [3]. These apps can provide
a range of tools and features to help users manage their
heart health, track their symptoms, and communicate with
healthcare providers.

Holter monitors are small, portable devices that record the
heart’s electrical activity over an extended period, typically 24
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to 48 hours, while the patient goes about their daily activities
[4]. The device consists of several leads that are attached to
the chest and connected to a small recording device that the
patient carries with them. KardiaMobile is a small, portable
electrocardiogram (ECG) device that allows individuals to
monitor their heart health and detect potential cardiac issues at
home or on the go [5]. It works by recording a single-channel
ECG through two electrodes on the back of the device. It
has demonstrated effectiveness in clinical studies for detecting
atrial fibrillation (AF), with a sensitivity of 96.6% and a
specificity of 94.1% [6]. Similar to KardiaMobile, an ECG
check is a portable electrocardiogram (ECG) device that uses
two or more electrodes to record the heart’s electrical activity
[7]. ECG check’s app sends the recorded ECG data to a server
for analysis, which can take a few minutes to several hours
to complete. Another device to monitor the ECG signal and
measure heart rate is Apple Watch. The ECG feature, available
on Apple Watch Series 4 and later, allows users to record an
electrocardiogram, which is a test that measures the electrical
activity of the heart [8]. The watch can detect abnormal heart
rhythms, such as AF, and notify the user if an irregularity is
detected. Along these, there are several mHealth applications
available on the market for monitoring heart diseases such
as iHealth Rhythm [9], and QuardioCore [10]. Previously,
another smart health framework [11] was developed by our
research group with body-worn flexible Inkjet-printed (IJP)
sensors, commercial wearables such as smart wristbands, a
scanner on a printed circuit board, and a custom SSC-Health
smartphone app.

In this work, a low-cost, wearable, real-time ambulatory
ECG monitoring system based smartphone app is described.
We have developed a smartphone-based application with real-
time ECG trace visualization and heart rate detection for
monitoring, assessment, and diagnosis. This application is
based on Smart Health Integrated Framework and Topology
(SHIFT) architecture that preserves Mobile Health (mHealth)
for individuals to self-monitor their own health and allows par-
ticipants to share individual health severity data with doctors
for further inspection [12]. This application has high scalability
and low latency in addition to being low-cost and real-time.

The main aspects of the proposed application include:

o The application connects to the embedded systems which
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collect ECG signals from the electrodes via Bluetooth
Low Energy (BLE) V5.3.

o The users can monitor ECG signals on the screen of the
application where the noise of the signal is mostly filtered
out.

o Users can track their heart rate and rhythm over time
in the application. Also, they can see their instantaneous
heart rate over a long period of time.

e The application allows users to share ECG recordings
with their healthcare providers, enabling remote monitor-
ing and diagnosis.

II. MATERIALS AND METHODS

A. System Architecture

The system consists of a front-end ECG data collection
device based on an AD8232 chip (Analog Devices, Wilm-
ington, MA). Sparkfun nRF 52840 mini (where electrodes are
attached) is connected to the application via Bluetooth Low
Energy (BLE) V5.3. Figure 1 shows the overall architecture of
the system. The Smart-Health application collects ECG signals
from the patients and displays them on the screen. Patients
with heart disease can use the app to monitor their heart health
and detect any changes that may require medical attention.
The app allows patients to share ECG recordings with their
healthcare providers, enabling remote monitoring and diagno-
sis. This can reduce the need for in-person appointments and
improve access to care, especially for patients who live in rural
or underserved areas.

S Iuf - =2
User Electrodes | [oe Physician
Embedded
System
- -

Smart Health Application

Fig. 1: Architecture of the proposed system.

B. Application Design and Implementation

Figure 2 shows the block diagram of the Smart-Health
Application. At first, the user is required to register his/her
details on the application. After clicking Device Connect on
the Dashboard screen, the smartphone displays the available
devices that can be connected via BLE connection. When the
Connect button is pressed, the application makes a connection
with the device via BLE and is ready to collect the data. It
can be disconnected by pressing the Disconnect button. Then
the user will go to the Modules segment, from where he/she
can monitor the Data or watch the ECG signals in the Plotter.
Here, users can also monitor their heart rate over a long period
of time and see if there is anything to worry about.

For heart rate calculation, firstly we collect the incoming
data. Then we used Pan-Tompkins algorithm to detect the R-
peaks of the ECG signal. Data came from the embedded ECG
data collection system at a rate of 20kHz. In other words, the
signal is divided into small time intervals, and at each interval,
a sample is taken to represent the value of the signal at that
specific time.

Algorithm 1: R-Peak Detection Algorithm

Input: Input data: ECG signal z(t)
Output: Output data: R-peak times 1,72, ...
Data: Parameters: alpha= 0.75
// BRpply a bandpass filter to the ECG
signal
Ft) = st @ (qiphas f(i—1)+(1—alpha) (i)
// Differentiate the filtered ECG
signal
2(t) « f(t) = F(t—1);
// Square the differentiated ECG
signal
p(t) + z(t) * 2(t);
// Integrate the squared ECG signal
using the trapezoidal rule
for ¢t =0 to n do
if ¢t == 0 then
| q(t) < p(t);
end
else
| alt) < alt — 1)+ (p(t) * plt — 1)) /2;
end
end
/+ Find the R-peaks by locating the
maximum values in the integrated
signal. First, find the threshold
from the integrated signal. */
mean (S0 g(i)) flength(q);
std « (319D (i) — mean)?) /length(q);
threshold + mean + std * 2;
// Then, apply the threshold for
finding R-peaks
for ¢t =0 to length(q) do
if q(t) > threshold then
| s(t) «+ L
end
else
| s(t) « 0;
end

7rn

end
// Now, find the position of R-Peaks
for ¢t = 0 to length(s) do
if s(t) == 1 then
| 1
end
end
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Fig. 2: Block Diagram of Smart-Health Application.

Algorithm 1 shows how we detected the R-Peaks from
incoming ECG signals that are collected from electrodes.
Then, we use Algorithm 2 to determine the heart rates from
R-Peaks. Also, we showed the Average Heart Rate on the
application to get a better view of the heart conditions of
the user. We used Sliding Window technique for that. With
a window size of 30, we examined 30 heart rate readings
simultaneously. Next, after shifting the window by one heart
rate value, the same statistic was computed for the following
30 values. So, users can easily monitor their heart rate and see
if there are any rapid changes.

III. RESULTS AND DISCUSSIONS

We have collected 10 participants’ (Age range: 25-35 years
old) data through the application. Participants were encouraged
to take part in two data collection sessions, first, we took the
data from their resting position, and later we took the data
after some sort of activities they had done. Figure 3. indicates
a whole setup for data collection from the application and
KardiaMobile also. We collected data from KardiaMobile in a
continuous manner at the same time of collecting data from the
Smart-Health Application so that we could find the error rate
using our custom ECG data collection device [13]. Collecting
data from each person in every state includes:

1) First, we attached electrodes to the wrists of the partici-
pants. Then an embedded system (consisting of Sparkfun
nRF 52840 mini) collected data and transferred it to the
application via BLE.

2) Participants held two metal electrodes (for KardiaMo-
bile) on their fingers, index, and middle at the same
time.

3) Then we started the data collection process in the Smart-
Health application (Fig. 4) and KardiaMobile at the same
time.

4) As the KardiaMobile application shows an average HR
after 30 seconds, we collected data 10 times.

5) In the meantime, ECG signals from wrists were saved
in a CSV file on the application.

Later, we compared Average Heart Rate from the application
with the heart rates from KardiaMobile.

KardiaMobile
Metal Electrodes

KardiaMobile Application

-

Heart Rate

74 76

Avg.HeartRate = = &

Autoscroll: ) width: ® -

Smart Health
Application

Embedded Gel
System

Electrodes

Fig. 3: Data collection in Real Time from the Smart-Health
Application and KardiaMobile.

All participants resting state HR was shown in Fig. 5(a).
Also, we collected data from the participants after walking
or some sort of workout. At that time, HR got increased
which is shown in Fig. 5(b). But there are no significant
changes in HR as we collected data after some sort of
activities, not during that time. It got increased by more or
less 5 BPM per person. Also, in Fig 6, we have shown a
comparison of the HR collected from the application with
the KardiaMobile commercial application. Fig. 6(a) indicates
a comparison between the application and KardiaMobile in
terms of resting state HR. Also, resting state HR after some
activities in the Smart-Health application and KardiaMobile
are shown in Fig. 6(b) bar chart.

From the experiment, we have found that in KardiaMobile,
the ECG signals are much smoother than in our application
although we have filtered the noise also. It indicates that
filtration is performed much better in KardiaMobile. But there
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Algorithm 2: Calculate heart rate from R peaks

Input: Input data: r Peaks, windowSize

Output: Output data: heartRate

// Get the difference in time between
each R peak

for i < 1 to rPeaks.size() do
rrInterval < rPeaksi] — rPeaks[i — 1]

rrIntervals.add(rrinterval)
end

// Initialize a moving average window
window <— array of size windowSize
windowIndex < 0
// Calculate the moving average of
the R-R intervals
movingAvgRRIntervals < empty list for
rrinterval in rrintervals do
window|windowIndex] < rrInterval
sum <— 0
for interval in window do
| sum < sum + interval
end
avgRRInterval < sum/windowSize
movingAvgRRIntervals.add(avg RRInterval)
windowIndexr <
(windowIndex + 1) mod windowSize

end

// Calculate heart rate in beats per
minute

sum 0

for avgRRInterval in movingAvgRRIntervals do
| sum < sum + avgRRInterval

end

avgRRInterval <
sum/movingAvgRRIntervals.size()

heartRate < 60/avgRRInterval

might be a problem. By eliminating too much noise, some
peaks of ECG signals might be removed. Therefore, we might
not get the exact HR. Also, we are collecting data from the
fingers in KardiaMobile which is a widely used method and is
considered to be a relatively easy and non-invasive approach
[14]. Yet, wrist-worn devices allow for long-term monitoring
during normal activities and are more comfortable than finger-
worn acquisition methods [15]. The quality of the ECG signal
obtained from the finger or wrist can depend on several factors,
including the accuracy of the device used to measure the signal
and the position of the device relative to the heart. In general,
ECG signals obtained from the chest tend to be of higher
quality and more reliable than signals obtained from the finger
or wrist [16].

IV. FUTURE WORK

As the setup of our system is very complex, it is very
hard to collect data while walking, running, or doing some
sort of activity. The package consists of some IoT devices

that might be optimized in the future and then we can easily
attach those devices to the body which will help us to collect
data. Also, we couldn’t collect data from the chest of the
participants. Although the traditional method of collecting
ECG data involves placing electrodes on the chest, it is not
always feasible or practical to collect ECG data from the chest
in all situations.

At present, the Smart-Health application can show ECG
signals and instantaneous Heart Rate, but does not detect any
cardiac disease. There are many different types of cardiovas-
cular diseases, including Arrhythmia, Valve disease, Coronary
Artery Disease, Peripheral Artery Disease, etc that can be
identified [17]. As we can now monitor ECG signals and
measure Heart Rate in the application, our next goals are,

1) Apply Machine Learning algorithms to detect cardiac
diseases.

2) Plot study of the application with cardiac patients at a
cardiac clinic.

V. CONCLUSION

We developed a Smart-Health application that can plot ECG
signals and measure heart rate have the potential to improve
healthcare outcomes by allowing patients to monitor their car-
diovascular health and detect abnormalities in a timely manner.
In conclusion, the development of smart health applications
that can accurately plot ECG signals and measure heart rate is
an important step towards improving healthcare accessibility,
quality, and affordability. By enabling patients to take an active
role in their health management, these applications can help to
prevent and manage cardiovascular diseases, leading to better
health outcomes and improved quality of life.

VI. ACKNOWLEDGEMENT

This material is based upon work supported by the National
Science Foundation under Grant No. 2105766. ECG device
development was performed by Mahfuzur Rahman, Robert
Hewitt, and Bashir I. Morshed.

REFERENCES

[1] Glovaci D, Fan W, Wong ND. Epidemiology of diabetes mellitus and
cardiovascular disease. Current cardiology reports. 2019 Apr;21:1-8.

[2] Swanoski MT, Lutfiyya MN, Amaro ML, Akers MF, Huot KL. Knowl-
edge of heart attack and stroke symptomology: a cross-sectional com-
parison of rural and non-rural US adults. BMC public health. 2012
Dec;12:1-8.

[3] Walker A, Muhlestein J. Smartphone electrocardiogram monitoring:
current perspectives. Advanced Health Care Technologies. 2018 Jun
8:4:15-24.

[4] Galli A, Ambrosini F, Lombardi F. Holter monitoring and loop recorders:
from research to clinical practice. Arrhythmia & electrophysiology
review. 2016 Aug;5(2):136.

[5] Koltowski L, Balsam P, Glowczynska R, Rokicki JK, Peller M, Maksym
J, Blicharz L, Maciejewski K, Niedziela M, Opolski G, Grabowski
M. Kardia Mobile applicability in clinical practice: A comparison of
Kardia Mobile and standard 12-lead electrocardiogram records in 100
consecutive patients of a tertiary cardiovascular care center. Cardiology
journal. 2021;28(4):543-8.

[6] William AD, Kanbour M, Callahan T, Bhargava M, Varma N, Rickard
J, Saliba W, Wolski K, Hussein A, Lindsay BD, Wazni OM. Assessing
the accuracy of an automated atrial fibrillation detection algorithm using
smartphone technology: The iREAD Study. Heart rhythm. 2018 Oct
1;15(10):1561-5.

Authorized licensed use limited to: Texas Tech University. Downloaded on December 30,2023 at 19:36:59 UTC from IEEE Xplore. Restrictions apply.



386

[7] Haverkamp HT, Fosse SO, Schuster P. Accuracy and usability of
single-lead ECG from smartphones-A clinical study. Indian pacing and
electrophysiology journal. 2019 Jul 1;19(4):145-9.

[8] Raja JM, Elsakr C, Roman S, Cave B, Pour-Ghaz I, Nanda A, Maturana
M, Khouzam RN. Apple watch, wearables, and heart rhythm: where do
we stand?. Annals of translational medicine. 2019 Sep;7(17).

[9] Ali H, Naing HH, Yaqub R. An IoT assisted real-time high CMRR
wireless ambulatory ECG monitoring system with arrhythmia detection.
Electronics. 2021 Aug 4;10(16):1871.

[10] Kuzmin A, Safronov M, Bodin O, Prokhorov S, Stolbova A. Mobile
ECG monitoring system prototype and wavelet-based arrhythmia detec-
tion. In2017 21st Conference of Open Innovations Association (FRUCT)
2017 Nov 6 (pp. 210-216). IEEE.

[11] Rahman MJ, Morshed BI, Harmon B, Rahman M. A pilot study towards
a smart-health framework to collect and analyze biomarkers with low-
cost and flexible wearables. Smart Health. 2022 Mar 1;23:100249.

[12] Morshed BI. Smart Health Integrated Framework and Topology (SHIFT)
for Smart and Connected Community. In2021 IEEE International Con-
ference on Electro Information Technology (EIT) 2021 May 14 (pp.
250-254). IEEE.

[13] Mahfuzur Rahman, Robert Hewitt, and Bashir I. Morshed, Design and
Packaging of a Custom Single-lead Electrocardiogram (ECG) Sensor
Embedded with Wireless Transmission, IEEE Dallas Circuits and Sys-
tems (DCAS), 14-16 Apr. 2023.

[14] Frisch EH, Greb AC, Youm JH, Wiechmann WF, Greenberg ML.
Ilustrating clinical relevance in the preclerkship medical school cur-
riculum through active learning with KardiaMobile electrocardiography.
Advances in Physiology Education. 2021 Mar 1;45(1):48-52.

[15] Nardelli M, Vanello N, Galperti G, Greco A, Scilingo EP. Assessing
the quality of heart rate variability estimated from wrist and finger ppg:
A novel approach based on cross-mapping method. Sensors. 2020 Jun
2;20(11):3156.

[16] Lourenco A, Silva H, Fred A. Unveiling the biometric potential of finger-
based ECG signals. Computational intelligence and neuroscience. 2011
Jan 1;2011:1-8.

[17] Chang V, Bhavani VR, Xu AQ, Hossain MA. An artificial intelligence
model for heart disease detection using machine learning algorithms.
Healthcare Analytics. 2022 Nov 1;2:100016.

Authorized licensed use limited to: Texas Tech University. Downloaded on December 30,2023 at 19:36:59 UTC from IEEE Xplore. Restrictions apply.



