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Abstract: In this article, we propose a health monitoring system, especially focused on detecting
myocardial infarction chances and raising the alarm when required. The device would be able to identify
malfunctioning of the heart using the ECG signals taken using ARDUINO-based portable and
affordable sensors. Here, we have described the development of two major schemes of health
monitoring. We have developed a method of identifying the maloperation of the heart by using the
second lead of the ECG signal. This method is based on a modified Poincaré analysis, which effectively
distinguishes the diseased heart ECG from the normal heart ECG signals. The Poincaré-based scheme
is tested using five different diseased ECG signals from the PTB database, and a high disease
identification efficiency of 82% is achieved. Here we further propose implementing this analysis within
the ARDUINO-based health monitoring board so that patients would get an opportunity to monitor their
heart condition at some regular intervals staying at home and follow up with a physician if any
abnormality is detected. This entire scheme is more useful, especially under this COVID 19, pandemic
situation when moving outside the home is a challenge in itself. Hence, the proposed device would be
helpful during this global crisis, especially for people residing in rural and semi-urban regions.
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1. Introduction

A COVID 19 global pandemic has given rise to several obstacles in the daily life of
people. The pandemic is threatening people’s health and taking away numerous lives every day
[1,2]. Besides this lethal threat of this pandemic, many people are suffering from several other
diseases, and many more people are even frightened to go out to health care centers for a
medical checkup, even though they become doubtful regarding their health status [3,4]. Many
of them are unaware that something wrong has happened to their health already as they are
panic-stricken to go out in this crisis time. Our proposed health monitoring system is an ideal
device for those people who want to study their health condition without moving outdoors. In
such a situation, the proposed stand-alone low-cost health monitoring system will inform
patients about their health parameters to detect and identify a person's basic heart status and
inform health care personnel in case of any emergency. Many of the existing health care devices
are not cost-effective [5]. Moreover, mostly they are not provided with any communication
facilities to send urgent information to some preassigned person in case of any emergency [6—
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8]. Hence, the objective of this work is to propose an affordable home monitoring scheme that
would be able to cater to a vast population of our country with a high level of accuracy and
could be afforded by a mass of people from the safety of their home, especially during the
present COVID 19 crisis [9,10].

The objective of this work is twofold. In the first phase of this work, we have developed
a scheme of identifying the human heart's maloperation and find a rough measure of the extent
of illness caused to it based on only the 2nd lead data of the ECG signals. Scientists have
worked over the years to achieve high accuracy in classifying myocardial infarction (MlI)
diseases [11,12]. Automated myocardial infarction identification is in existence for a long time.
But most of the methods, although accurate, employ computationally intensive methods [13].
The proposed work is intended to develop an easy and effective method that would be highly
effective to implement in the home monitoring device. The primary intention is to develop an
algorithm for identifying myocardial infarction diseases, which would be simple enough to
occupy less memory space and require less volume of ECG signal for transmission with low
data band. Hence, concentration has been paid to use a single lead (lead I1) ECG signal only
for analysis using this method, sacrificing detection accuracy to some extent, compared to
contemporary existing detection topologies [14]. Most of the existing researches use tools such
as variants of supervised learning algorithms like a neural network, or rigorous mathematical
approaches like Wavelet transform or WT, fuzzy inference system or FIS, or the latest
development like machine learning or deep neural network, which are computationally much
heavier compared to the proposed method. Ansari et al. [15] and Sharma et al. [16] provide a
detailed review of several different techniques used in research. These methods are generally
composed of four major steps: preprocessing, ECG beat segmentation, feature extraction, and
classification. However, the feature extraction and classification components play a vital role
in determining their performance and computational overhead.

Only the 2nd lead data requirement makes the acquiring ECG device simpler and hence
becomes cost-effective [17]. Standard PTB database has been used in this work as the ECG
signals for analysis [18,19]. We have used 72 numbers of healthy ECG signals of 52 healthy
subjects and developed a disease identifier algorithm based on a modified Poincaré analysis.
Finally, we have validated the scheme using a diseased ECG signal of 50 patients randomly
selected suffering from different myocardial infarction heart diseases. Simple image processing
methodology is applied to observe the repetitiveness of the signal and the extent of overlap of
each cycle of the signal. Thus the level of abnormality of the signal is obtained, which indicates
the extent of disturbance from the healthy condition. The proposed model identifies diseases
with an accuracy of 82%.

Finally, we propose an ARDUINO-based basic health monitoring system that would
help people stay at home yet continuously monitor their heart condition under this pandemic
situation. The major idea is to implement the ECG heart abnormality detection method as
discussed earlier in this ARDUINO-based health monitoring board to achieve direct detection
of abnormality. The proposed stand-alone system, in this way, would be able to detect the basic
heart condition of a person; simultaneously, this would notify the relatives of the person or the
health care personnel in case of emergency using the inbuilt GSM module. Apart from ECG,
some other basic physiological parameters like body temperature and heart rate would also be
detected. The proposed model is more cost-effective than most of the similar devices available.
Most importantly, one such compact device has rarely been developed at an affordable cost.
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1.1. Different methodologies used for detection of myocardial infarction.

Researchers have adapted to different techniques to detect and analyze the different
heart diseases, among which myocardial infarction bears records of being one of the fatal
diseases of the human heart. In this proposed work, we have directly concentrated on an
effective method of identifying this heart disease, which would be simple enough for easy
implementation in a home monitoring device, especially under this pandemic situation. Most
of the M1 diseases are detected using complex algorithms to achieve better accuracy; although
in this article, we have paid more emphasis on the easy detection of the fault in the heart, using
only a single lead ECG signal to lessen data length: hence enable fast transmission of the signal
to the remotely located health centers. Extreme emphasis has been imposed on the methods
involving supervised learning approaches like the artificial neural network or ANN. The latest
advancement of soft computational techniques has helped evolve numerous neural
computational strategies, among which machine learning and deep learning methods bear
significant importance. Hybrid forms of neural networks with different classifying techniques
like FIS have been imposed tremendous importance [20]. The combination of mathematical
approaches like WT and learning algorithms like support vector machines or SVM has been
largely influential in developing disease detection algorithms, especially for the identification
of Ml disorders [21], which is also investigated here. Other methods like tensor-based analysis
[22] and several other deep learning-based methodologies have been practiced widely. These
methods are extremely accurate in detecting heart diseases of different classes, although each
of these suffers from the respective drawbacks. Supervised learning methods like ANN are
mostly dependent on accurate training methods [23,24] involving large and diverse training
signals; hence have high associated training time. WT-based methods become progressively
intricate, especially with a high level of decomposition of the signal. Besides, the selection of
the application-specific mother wavelet also possesses minor issues in occasional cases.
Development of the classifier rule bases for FIS methods often opens up spaces for
inaccuracies. Despite these hindrances, the above methods, especially the supervised
approaches involving neural network has been paid major attention.

Preprocessing the signals is another issue in most of the works, which introduces more
complexity to the analysis. Preprocessing of most of the techniques, especially in earlier
research, mostly relies on feature extraction using the complete or partial QRS complex of the
signal [25-28]. Researchers have used multiple analysis methods to serve the purpose of Ml
classification [27]. They have employed four major pattern-recognition approaches like Radial
Basis Function, Probabilistic Neural Network or PNN, k-Nearest Neighbors (KNN), and Naive
Bayes Classification. Few researchers have also emphasized feature extraction using Discrete
Wavelet Transform (DWT) and Principal Component Analysis (PCA), followed by analyzing
the so extracted features using variants of neural networks [29,30]. PCA is another useful tool
for reducing a large dimension of data set into the most important directions of variation of the
signal, which, in turn, reduces the data set, enabling lesser occupancy of memory and higher
speed data transmission. However, the assumption of linearity of the principal components
introduces some level of inaccuracies in the system. Wavelet analysis extracts the frequency
components even from the fractional wavelengths, although it is often disturbed by high noise
in the signals. Scholars have further used two variants of neural networks: Shallow
convolutional neural network and end-to-end deep residual learning with dilated convolutions
[31].
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Some of the other works have employed ECG beats [32] of the entire 12 lead ECG
signals itself [33] to use with Convolution Neural Network or CNN [32], which have become
an extremely important variant of the neural network family, as well as using a combined CNN
and RNN based structure. Another effective combination of CNN and RNN combined
architecture has been proposed in [34], which have used Heart rate and beat interval-based
features to detect and classify heart rate abnormalities. An RNN based model has been
proposed in [35] using down-sampled ECG signals, whereas a fair comparison of the three
different supervised learning models: Convolutional, Residual, and Inception neural network
has been illustrated in [36]. Application image processing, applied on the grayscale image
formed using the ECG signals, followed by analysis with transfer learning techniques, is
illustrated in [37]. Another transfer learning-based approach is proposed in [38], which uses
two-channel ECG signals for analysis.

Deep learning has been a tremendous influence in this field of study as in all other
research disciplines. A deep learning-based approach has been proposed in [39], which uses a
two-second long signal window and processes the data using a 16-layer CNN-LSTM deep
learning model. A similar approach to detecting abnormality is proposed in [40], which again
uses a segmented window of four seconds, followed by an analysis of the same using a similar
LSTM model. Deep learning approaches have been adopted by the researchers of [41], where
a complex method of preprocessing has been carried out using Fourier-Bessel expansion based
on WT. Using deep learning methods, a 12-lead ECG signal detection and location method is
also proposed in [42].

As is observed from the above analysis that most of these methods employ intricate
computational schemes using diverse topologies, mostly involving variants of neural network
and deep learning, often associated with other features extraction tools like Wavelet Transform,
Principal Component Analysis, Fourier based analysis, and several others. In contrast, the
proposed method doesn't use any major preprocessing of the signal, and the detection algorithm
involves only difference signal-based Poincaré plot analysis to obtain a measure of pixel
density in the plot. This method is extremely simple in analysis; hence possesses the necessary
absence of major computational burden, which is extremely important for implementation in a
home monitoring device.

2. Materials and Methods
2.1. Methodology of ECG signal analysis.

2.1.1. Source of data set used in this work.

In this research work, PTB database has been used to obtain the ECG signals of the
healthy and the diseased patients [18,19]. Physikalisch-Technische Bundesanstalt (PTB), the
National Metrology Institute of Germany, has provided a large compilation of digitized ECG
signals for various purposes such as research, algorithmic benchmarking, or teaching for the
users of PhysioNet. The signals have been collected from a number of healthy volunteers and
patients having various heart diseases. The proposed work has been intended to detect different
myocardial infarction (MI) disorders. The database contains 148 subjects of MI disease and 52
subjects with healthy controls. This work has investigated the signals of all the 52 normal
subjects and a random sample of 50 subjects with M1 disorders. Further, a total of 72 normal
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ECG signals containing multiple signals of a few subjects among the total number of 52
subjects with healthy controls have been studied as the normal or healthy set.

2.2. Steps of development of the algorithm.

We have used only the lead 2 data of the complete ECG signal for the analysis in the
proposed analysis. This lead 2 signal f(n) is analyzed using modified Poincaré analysis.

Stepl: f(n) is first filtered using a low pass filter to eliminate most of the very high-
frequency noise components. The filter's cutoff frequency is kept such that it is directed to
majorly remove the noise component of the signal and retain most of the vital information
without modifying the ECG signal.

Step 2: This signal is next median filtered to perform the baseline corrections, thus
producing the unified signal.

Step 3: Producing difference signal fdiff (n)by making the following analysis: fdiff (n)
= f(n) - f(n-1).

Step 4: Plotting the difference signal against the original signal, i.e., plotting fdiff (n)
against each point f(n). Thus a modified Poincaré plot is obtained.

Step 5: This plot is obtained as an image which is analyzed further.

The idea is to obtain the measure of the repetitiveness of the signal. The ECG signal is
captured for a complete 1 minute, and each of the periods of the signal is studied. It is found
that if the heart is working under normal conditions, each of the periods of the ECG signal is
almost identical. Hence, when the two variables fdiff (n) and f(n) are plotted against each other,
the near-identical repetitiveness of the individual periods of the normal heart signal develops
the plot with very narrow thickness, as most of the periods of the signals overlap on each other.
Eight such images with normal heart signals are shown in Figure 1. It is well observed that the
normal signals produce an almost overlapping image of the modified Poincaré plot. The
diseased plots are also shown in Figures 2-6.

Figure 1. Modified Poincaré plot of eight random ECG signals of normal patients with no disease.
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Figure 2. Modified Poincaré plot of four random ECG signals of normal patients with M1 Anterior disease.
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Figure 3. Modified Poincaré plot of four random ECG signals of normal patients with M| Anterior Lateral
disease.
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Figure 4. Modified Poincaré plot of four random ECG signals of normal patients with MI Anterior Septal
disease.
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Figure 5. Modified Poincaré plot of four random ECG signals of normal patients with Ml Inferior disease.
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Figure 6. Modified Poincaré plot of four random ECG signals of normal patients with MI Inferior Lateral
disease.

2.2. Numerical analysis of Poincaré plots.

Both the normal and the diseased signals are captured with the same frame of axes.
Hence, comparing the same of the normal and the five different diseased plots, it is well
observed that the diseased heart plots have much higher thickness compared to the normal
plots. Hence, the number of pixels occupied by the diseased plots is much higher in number
compared to the normal plots. Next, a simple image processing algorithm is applied over these
modified Poincaré plots to obtain the ratio of the number of black pixels to the number of white
pixels. As mentioned earlier, normal ECG signals of 72 people along with diseased heart ECG
signals of 50 patients are analyzed using the proposed method. On analyzing the images, the
percentage ratio of the number of black pixels (B) to the number of white pixels (W) is
computed with normal ECG signals, and the diseased ECG signals and are shown in Table 1
and Table 2, respectively. The percentage ratio (R) is termed as overlap index subsequently in
this article since this ratio indicates the extent of overlap of each cycle of the ECG signal. This
index is given by the following expression:

Overlap Index (p) = [Number of black pixels (B) / Number of white pixels (W)] x 100% (1)

Table 1. Computation of the ratio of black pixels to white pixels of modified Poincaré images of 72 normal
patients.

B W 1! B W n B W R B W R
1032 | 234168 0.44 801 | 234399 0.34 926 | 234274 0.4 1501 | 233699 0.64
1059 | 234141 | 0.45 1161 | 234039 0.5 3032 | 232168 131 1641 | 233559 0.7
2059 | 233141 | 0.88 1124 | 234076 0.48 1747 | 233453 0.75 1115 | 234085 | 0.48
722 | 234478 | 0.31 1048 | 234152 0.45 1469 | 233731 0.63 874 | 234326 0.37
718 | 234482 0.31 2464 | 232736 1.06 1626 | 233574 0.7 955 | 234245 0.41
1316 | 233884 0.56 2519 | 232681 1.08 1648 | 233552 0.71 1471 | 233729 0.63
1482 | 233718 0.63 2168 | 233032 0.93 3413 | 231787 147 1053 | 234147 0.45
1991 | 233209 | 0.85 1906 | 233294 | 0.82 889 | 234311 0.38 881 | 234319 0.38
1025 | 234175 | 0.44 2931 | 232269 1.26 782 | 234418 0.33 1804 | 233396 0.77
1064 | 234136 | 0.45 2948 | 232252 1.27 1422 | 233778 0.61 4383 | 230817 1.9
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Table 2. Computation of the ratio of black pixels to white pixels of modified Poincaré images of 50 diseased

B W n B W 1! B W 1l B W 1l
860 | 234340 | 0.37 1805 | 233395 | 0.77 1313 | 233887 | 0.56 692 | 234508 0.3
818 | 234382 | 0.35 1555 | 233645 | 0.67 1024 | 234176 | 0.44 1539 | 233661 | 0.66
759 | 234441 | 0.32 2418 | 232782 1.04 1287 | 233913 | 0.55 1291 | 233909 | 0.55

1147 | 234053 | 0.49 1113 | 234087 | 0.48 1564 | 233636 | 0.67 1405 | 233795 0.6
1196 | 234004 | 0.51 980 | 234220 | 0.42 1091 | 234109 | 0.47 1271 | 233929 | 0.54
1013 | 234187 | 0.43 1163 | 234037 0.5 736 | 234464 | 0.31 797 | 234403 | 0.34
3125 | 232075 1.35 1179 | 234021 0.5 1171 | 234029 0.5 956 | 234244 | 0.41
1376 | 233824 | 0.59 1254 | 233946 | 0.54 1946 | 233254 | 0.83 930 | 234270 0.4

patients: 10 patients belong to each of the 5 diseases: MI Anterior, MI Anterior Lateral, MI Anterior Septal, Ml
Inferior and MI Inferior Lateral.

MI_Anterior MI_Anterior_Lateral MI_Anterior_Septal MI_Inferior MI_Inferior_Lateral

B W /] B W H B W Y/ B w u B W )2
2694 | 232506 | 1.16 | 3577 | 231623 | 1.54 | 6268 | 228932 | 2.74 | 3649 | 231551 | 1.58 | 2140 | 233060 | 0.92
10410 | 224790 | 4.63 | 1935 | 233265 | 0.83 | 3032 | 232168 | 1.31 | 2194 | 233006 | 0.94 | 1488 | 233712 | 0.64
4359 | 230841 | 1.89 | 1929 | 233271 | 0.83 | 9213 | 225987 | 4.08 | 4754 | 230446 | 2.06 | 4813 | 230387 | 2.09
2595 | 232605 | 1.12 | 5252 | 229948 | 2.28 | 8523 | 226677 | 3.76 | 2099 | 233101 | 0.9 | 16924 | 218276 | 7.75
9548 | 225652 | 4.23 | 1027 | 234173 | 0.44 | 9468 | 225732 | 4.19 | 3036 | 232164 | 1.31 | 12203 | 222997 | 5.47
1977 | 233223 | 0.85 | 2998 | 232202 | 1.29 | 2944 | 232256 | 1.27 | 1751 | 233449 | 0.75 | 7251 | 227949 | 3.18
4916 | 230284 | 2.13 | 1583 | 233617 | 0.68 | 1854 | 233346 | 0.79 | 1631 | 233569 | 0.7 | 9778 | 225422 | 4.34
1514 | 233686 | 0.65 | 2441 | 232759 | 1.05 | 1640 | 233560 | 0.7 | 1480 | 233720 | 0.63 | 1841 | 233359 | 0.79
1542 | 233658 | 0.66 | 4253 | 230947 | 1.84 | 1785 | 233415 | 0.76 | 1359 | 233841 | 0.58 | 11384 | 223816 | 5.09
9010 | 226190 | 3.98 | 1815 | 233385 | 0.78 | 1809 | 233391 | 0.78 | 9925 | 225275 | 4.41 | 2646 | 232554 | 1.14

Disease sequence are as follows: 0: Normal, 1: MI Anterior, 2: MI Anterior Lateral, 3: M1 Anterior Septal, 4:

These values were further analyzed using box plots, which are shown in Figure 7. The
quartile ranges and median values are also described in Table 3. These box plots are the plot of
the percentage ratio (R) with respect to the different diseases and the normal plots. It is well
observed that apart from some of the outliers, the median value of the percentage ratio of the
normal plots is lying much below the median value of all other diseased plots, which creates
the major source of differentiation of the normal and the diseased patients. Moreover, it is
further encouraging to observe that the upper boundary of the normal box plot's upper quartile
lies much below even the lower boundary of the lower quartile of all the diseased cases. This
fact dominantly emphasizes the distinction obtained among the modified plots of the diseased
and non-diseased patients. This, in turn, establishes the superiority of this simple scheme for
ECG analysis for disease detection.
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Figure 7. Percentage ratio (R) values of normal and diseased cases obtained from modified Poincaré plots;

MI Inferior and 5: Ml Inferior Lateral.
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Table 3. Ranges of quartile deviation of normal and five different diseases.

Disease Name Disease Lowelj q_uartile Median Uppelj qgartile

Index limit limit

Normal 0 0.4255 0.5235 0.7041

MI Anterior 1 0.8477 1.5235 3.9834

MI Anterior Lateral 2 0.7777 0.9391 1.5443
MI Anterior Septal 3 0.7751 1.2868 3.76

MI Inferior 4 0.6983 0.921 1.5759

MI Inferior Lateral 5 0.9182 2.6351 5.0863

3. Results and Discussion

The proposed disease detection scheme is developed using a simple comparative
analysis of the percentage ratio (R), values obtained from analyzing the modified Poincaré
images. This simple technique makes it very efficient to implement in a home monitoring
system. The upper limit of the upper quartile is chosen as the limiting threshold value (¢),
which is found as 0.7041. Hence, it is ascertained that 75% of the total normal patients have
this index less than ¢. The R-value of the unknown patient is compared with this threshold to
obtain a simple classifier algorithm. If the R-value of the unknown patient is above this
threshold, the patient is denoted as diseased or normal. This method of classification produced
the following results of disease detection, which are shown in Table 4.

It is further required to mention here that the patients would be able to identify the
extent of disorder of their heart by comparing the overlap index obtained from the ECG signal
of their heart and that of the maximum reference value; by looking at the inbuilt display of the
proposed device where both these values would be displayed. The above analysis shows that
the upper range of the overlap index of its 25% to 75% quartile range is found as 0.4255 to
0.7041. Hence, the patient would be able to develop an idea of their heart condition by
comparing their overlap index with this reference range. This would work as an initial
screening for the patient. If the same index exceeds the upper quartile highest level of 0.7041,

the device immediately sends SMS to the concerned person.
Table 4. Accuracy of the proposed algorithm identifying different diseases.

Disease Name Number Number of correct Number of the Percentage of
of cases detection wrong detection correct detection
MI Anterior 10 8 2 80
MI Anterior Lateral 10 8 2 80
MI Anterior Septal 10 9 1 90
MI Inferior 10 7 3 70
MI Inferior Lateral 10 9 1 90
Overall Accuracy 50 41 9 82

3.1. Design of the proposed health monitor scheme.

The proposed ECG analysis scheme is intended to be implemented in an ARDUINO-
based automatic health monitoring system, especially for this pandemic situation when staying
indoors is of utmost importance. The proposed health monitoring system is designed to detect
the basic health condition regarding ECG, temperature monitor, and heart rate. Another key
feature of this design would be its ability to notify the relative or the health care personnel in
an emergency using the inbuilt basic GSM module. The proposed design would be compact in
measuring these important parameters using a single device. Most importantly, the cost-
effectiveness of the device would count for its effectiveness, especially under this crisis period.
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3.2. Design specifications.

The system is designed on ARDUINO MEGA 2560 board with the physiological signal
acquisition modules interfaced. Another ARDUINO UNO R3 board is connected for
developing the communication device, which is interfaced with a GSM module. A basic
processing program is developed and run in ARDUINO IDE. This is further given to the
onboard memory for processing the acquired signals and generate an alarm if necessary. A
display module is also connected to the system, displaying the basic measured parameters and
values.

i) The inbuilt GSM module is provided with a SIM. This is used for notifying the
relatives or the medical persons directly through SMS about any emergency.

i) A LED and a buzzer are also connected to generate visual attention and sound alarm
in an emergency.

iii) The temperature sensor connected to the module measures the body temperature of
the patient. The sensed temperature signal is converted to Fahrenheit in the program and
displays on the screen. It similarly communicates with the GSM module and generates an alarm
if the temperature goes beyond 101 F. The program also intimates the patients if he/she does
not record temperature for more than 8 hours at a stretch and generates an alarm for the patient
itself. If still unattended, the module sends an SMS.

iv) The ECG signal acquisition and analysis module is the most important part of the
proposed health monitoring device. The AD8232 based ECG (Electro-cardiogram) acquisition
module is used in this work to acquire single lead ECG data of the patient [43,44]. This method
uses three leads connected to the patient's left and right arm and right leg. The embedded
program analyzes the acquired ECG as per the proposed algorithm discussed formerly. The
proposed analysis detects the cardiac abnormalities as per the previously described overlap
index-based heart malfunction detection scheme. The maximum level of reference overlap
index and that of the patient is displayed in the inbuilt display module, which indicates the
extent of deviation of the patient's heart from the photoplethysmography normal value [45]. In
case if the overlap index exceeds the prescribed maximum reference level, the GSM module
again communicates with the concerned persons.

v) The Easy pulse sensor module is also inbuilt in the device using HRM-2511E
transmission PPG (Photoplethysmogram) sensor [46]. This is used for monitoring the heart rate
of the patient by counting the number of PPG peaks. The GSM module is also flagged in case
of any abnormality.

vi) Another pressure sensor is also placed underneath the patient's bed. This sensor is
used to count the duration for which the patient is lying on the bed. In case if the duration is
alarmingly low or high, the display and alarm indicate the patient is concerned, and if untreated
for the next one hour, the GSM module is triggered to send SMS to the concerned medical
person.

3.3. Usefulness of the proposed design.

The design of the proposed health monitoring device is portable and built on
ARDUINO-based platform. The design is made using ARDUINO microcontrollers with some
targeted sensors which are embedded in a compact system. The proposed device is easy to use,
simple, portable and cheap. Most importantly, the proposed device can reach out to even the
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rural population where the benefits of health care, as well as internet service, are not state-of-
the-art. This device will be extremely helpful for rural and urban populations, especially under
this pandemic situation, where even reaching out to healthcare centers is a challenge.

The device is easy to install and is able to operate without the intervention of an expert
or health personnel. Such a device will definitely aid the day-to-day health monitoring of the
closed-door people in this global pandemic crisis. This device will especially be helpful for the
elderly population. Another important feature of this device is offered by the inbuilt GSM
module, which is designed to communicate with the preassigned relatives or the medical
personnel by timely informing through SMS on detection of any abnormality in any of the
above-mentioned measuring parameters. This can largely reduce the hazards of being late in
informing physicians. The model itself is less costly compared to some of the contemporary
devices. The cost would further come down on a large-scale production post popularization of
the device. A huge number of the people from both rural and urban parts of the country would
be benefitted from this device, especially under the pandemic stricken people of the country.
Further, this would also allow the close kins of especially the patients or the older people, to
be assured of the security of their close ones.

4. Conclusions

This article has developed a computationally simple technique to identify myocardial
infarctions (MI) using lead 2 data of an ECG signal, analyzed using a modified Poincaré plot
and simple image processing technique. The proposed method doesn't include any major
preprocessing of the signal. The detection algorithm involves only difference signal-based
Poincaré plot analysis to measure pixel density in the plot. This method is extremely simple in
analysis; hence possesses the necessary absence of major computational burden, which is
extremely important for implementation in a home monitoring device. Apart from the Ml
detection algorithm, the proposed home monitoring device is able to raise the alarm when a
diseased ECG is identified. The simplicity of the technique makes it an ideal candidate for
implementation in a health monitoring system, which is extremely important under the current
scenario of the COVID 19 crisis, where direct medical intervention is difficult to achieve. We
have also proposed a cost-effective health monitoring system that will employ the above
technique. Altogether, the proposed M1 detection technique and possible implementation in the
proposed home monitoring device suggest the possibility of developing a low-cost and suitable
home-healthcare device.
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