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Abstract—The field of e-health is experiencing rapid and grow-
ing progress with the evolution of the means of communication
and health data acquisition through smart watches such as heart
rate, temperature, glucose level. , ... etc.

This work proposes a system of automatic remote monitoring
of the health of individuals based on smart watches worn by
patients and doctors as well as a centralized server of the
administration. The former uses accumulated patient data to
build decision models using machine learning methods. These
models are used to automatically track the health of patients.
The system has been designed, implemented and validated on
data concerning cardiovascular diseases.

Index Terms—Medical Surveillance, Physiological Measure-
ment, Data Mining, Machine Learning, Smart Watches, SVM
(Classification).

I. INTRODUCTION

According to recently published statistical reports from the
United Nations, the average age of the population is expected
to grow rapidly in developed countries in the next decade,
leading to a very significant increase in the cost of health care.
However, the latest technological innovations in the different
fields are timely for the implementation of new, more effective
and affordable approaches to the management of people’s
health.

Health care is an essential part of human life. Each of us
needs periodic monitoring of vital parameters and appropriate
treatments based on our medical data and health status.

Remote medical surveillance services are experiencing a
growing demand, generally coming from chronically ill pa-
tients [7] and particularly elderly people due to their frequent
travel constraints [5].

People to be remotely monitored can be elderly people, peo-
ple with reduced mobility, sick people with chronic diseases
or anyone who wants to monitor their health. These services
rely on new technologies to monitor patients’ activities without
requiring patients to visit medical or testing centers.

These processes become important when people become
old and with chronic diseases such as cardiovascular disease,
diabetes, non-equilibrium heart rate, Parkinson’s, cancer ... etc,
and are not able to track their condition properly without
a specialized medical personnel or sophisticated equipment
for surveillance especially in remote cities. In emergency
situations, the patient must be transported to the hospital,
observed by medical personnel and treated in time if certain

parameters are abnormal. In many cases, even a short delay
could lead to dangerous consequences including the death of
the patient.

Nowadays, different patient monitoring systems have been
proposed and implemented for different purposes such as:
obtaining patient health information quickly and efficiently,
saving material and financial resources due to patient travel
to different medical centers, periodic monitoring and alerting
in case of emergencies better for the elderly or disabled, are
able to provide reliable information and continuously on the
patient.

The development of technologies, especially in the field
of digital health, enables rapid control of individuals through
means such as smart watches, telephones, tablets, etc. In our
work, we are interested to connected watches (Smart watch
health)[?].

Our proposal consists of the combination of the latest
developments in the smart watch market and devices for
the detection and capture of physiological signals of patients
with machine learning techniques. The goal is the design
and implementation of a continuous and efficient monitoring
system based on analysis using data mining methods.

Our approach is based on collecting the health data of
people and storing them in a centralized information system
to analyze and monitor the health status of these people in a
real time and continuous way.

The proposed system uses smart watches worn by pa-
tients and physicians and connected through communication
networks to a remote management server. This server uses
collected data from watches such as heart rate, temperature,
movements, glucose level, ... etc. to learn decision models for
early detection of diseases in people.

This paper is structured as follows: Section 2 presents some
existing proposals for remote health monitoring. The section
details our proposal and its various components. Section 4
presents the impementation of our proposal as well as some
results obtained. Section 5 concludes the paper and presents
some perspectives.

II. RELATED WORKS

In the literature, several solutions have been proposed to
facilitate the task of remote medical monitoring of patients
through devices connected in real time and periodically:



A. Mobile Patient Monitoring System (MPMS)

Authors of [10] propose a mobile digital patient monitoring
system PC-based and PDA-based. This system gathers the
physiological data of the patients by the sensors and biosen-
sors. The data is routed to the PC or the phone/PDA cell of a
patient. After an analysis of critical situations and possible
alert determination, these devices transmit this data to the
server for the complete analysis.

After the data is analyzed, the medical server provides the
results to the PCs or to the patient’s phone / PDA cells. Patients
can take necessary action based on these findings. Structurally,
the proposed SMSP consists of three essential components
(Figure 1):

• Wireless LAN.
• Local home-based service (LHS) accessible by the pa-

tient, his assistant or a family member.
• Remote medical server (RMS) accessible by the doctor

or any other authorized person.

Fig. 1. Mobile Patient Monitoring System (MPMS).

B. System using sensors

The authors of [2] propose an architecture allowing to
quantify the heart and respiratory rhythms according to certain
conditions of movement. The elements used are: computers
(PC), webcam, PPG sensors on the finger. Their operation is
inside and relative to the sources of lighting. A sensor is placed
on a patient’s finger and simultaneously measures the heart
rate and amplitudes of the PPG signal. All this data is saved
at the PC level. The following figure describes the proposed
architecture:

Fig. 2. System using sensors[2]

C. Smart watches

Connected watches are smart watches that have multiple
functions. Indeed, these tools are the results of the introduction
of new technologies in the watch sector. With these tools of
last generation, it is not only a question of putting the watch to
learn about the time. Connected watches or Smart Watches are
mostly equipped with Bluetooth, WiFi and GPS to provide real
data to their users when they are activated [1]. The evolution
of these smart watches has also touched the field of health by
proposing the taking of several measures such as the heart rate,
the blood pressure, the temperature of the human body, the
speed of movement, the rise of the clutches and the distances
and lastly the cardiac signal (ECG). These measures make it
possible to monitor in real time the health status of users,
particularly those with certain diseases such as cardiovascular
diseases, diabetes, Parkinson’s disease, etc. Currently, there
are several smart watches that offer different health measures,
among these measures we quote:

1) Heartbeat: Most smart watches are interested in follow-
ing cardiovascular disease through the number of heartbeats,
whether low or high, they are sometimes a sign of a serious
illness. But these symptoms often go unnoticed, which makes
it impossible to diagnose the causes. Smart Watches automat-
ically alert the user to medical conditions as needed so that
they can take immediate action and consult a doctor.

The digital clip-on heart rate sensor shown in Figure 2 (b)
is a high-performance optical sensor that measures the change
in blood movement in the body [3].



Fig. 3. Optical biosensors: a) Electrocardiogram (ECG) cardiac monitoring
sensor (b) Fingerprint heart rate sensor

2) Heart signal: The electrocardiogram (ECG) is a signal
that represents the electrical activity of the heart. The ECG is
essential in the surveillance of patients or in the diagnosis
of cardiovascular disease. The following figure shows an
electrocardiogram (ECG) signal:

Fig. 4. Electrocardiogram signal (ECG) [8]

A recent smart watch can accurately display the heart’s
electrical activity through specific sensors and notify people
with relative illnesses.

3) Blood pressure: The smartwatch combines EKG (elec-
trocardiogram) and PPG (photoplethysmography) sensors to
measure the user’s blood pressure in real time

Fig. 5. Smart health watch for measuring blood pressure

4) Glucose level: Through specific glucose sensors, smart
watches can monitor blood glucose levels and track diabetes
status in a patient at any time. It is important that blood glucose
stays within a healthy range. If the blood glucose gets too high
and stays high, it can cause damage or complications to the
human body [9].

Fig. 6. Smart watch (K’Watch) to measure glucose levels [6]

5) Temperature: Connected watches also take, via sensors,
the value of body temperature.

Fig. 7. Capteur de température du corps humain [3].

III. PROPOSED SYSTEM

The proposed system aims to monitor the health status of
individuals at any time through connected Smart Watches, to
take sanitary measures, to collect the corresponding data in a
database to which processing and diagnostic algorithms and
possibly generate alarms or initiate interventions.

General architecture of the system
The following figure 8 represents the overall architecture

of the proposed system composed of three main parts: patient
part, doctor part and administration part.

Fig. 8. Proposed Remote Medical Monitoring System (RMMS) Architecture.

A. Patient part

At the patient level, the smart watch collects possible
medical measures and sends them regularly or at the request
of the administration party to the system that stores them



and uses them for decision making. The watch also receives
notifications from the administration part of data mining
models or doctors.

B. Administration part

The administration level information system collects all
information about patients and their health measures as well
as information about doctors and their decisions in the form
of a database.

The information system administrator oversees its operation.
It validates the registered physicians after their profile verifica-
tion, builds and validates and activates the decision models and
controls the system parameters such as the application periods
of the decision models. It mainly performs two important
tasks:

1) Model creation: The creation of a decision model can
be done from two sources:

• External database:
In the case where an internal base is not yet ready during
the first times of use of the system, the administrator
acquires a training base from a hospital, a medical center,
a research center, .. etc.

• Internal Database:
After running the system for a sufficient period of time, he
can collect a training base. In this case a pre-processing
phase on the data collected in the measurement tables is
necessary.
In both cases, the administrator uses an automatic learn-
ing method such as SVM (Machine Vector Support) to
build a decision model from the database used

Fig. 9. Construction and use of models at the administration level.

2) Application of the model:

C. Physician part

On the doctor-side application, the latter indicates to the
system administrator for a patient that he follows the measures
to be checked and their periodicity. After applying a decision
model on patient data, the administrator informs physicians of
the results obtained to inform them about the status of their
patients and also to check the effectiveness of the model and
improve its performance.

IV. EXPERIMENTS AND RESULTS

The proposed system was simulated using a network and
web applications each representing a part of the system. In the
administration part, we built decision models from an external
source and validated them with cross-validation.

A. Tools and data used

To validate our proposal, we used several tools for coding,
conversion, communication, and administration.

To validate the decision models, we used the public database
"Heart deaseas" [13] available for free access on the UCI data
mining site and a collection of medical diagnostic reports of
270 patients aged at least 29 years, of which 120 cases are in
chronic disease and 150 cases healthy. The first 13 attributes
of the base represent risk factors for the disease while the 14th
represents the class of the patient (Absence (1) or presence (2)
of heart disease).

The following table shows the data characteristics:

Fig. 10. Characteristic of the database used

B. Mesures

o measure the performance of built models, we used pre-
cision and recall. Precision (or positive predictive value) is
the proportion of the relevant items among the set of items
proposed, so accuracy can be understood as a measure of
accuracy or quality, precision is calculated using the following
formula. DataMining [11]:

recall (or sensitivity) is the proportion of the relevant items
[4] :



Recall (or sensitivity) is the proportion of the relevant items

C. Results

We conducted several tests to make a tunning and choose the
right parameters to give the best results in terms of recognition
and recall rates.

The parameters used for tunning are as follows:

• Test data: The model is tested on training data and on
external test data.

• Used Kernel :RBF and polynomial.
• the gamma parameter for the RBF kernel.
• Parameters of (polynomial degrees) for the linear kernel

[14], [12].

The following figure 11 represents the evolution of precision
and Recall depending on the degree: by testing on the training
data and using the Polynomial kernel of the SMO method:

Fig. 11. Precision and Recall according to the degree of the polynomial
kernel for the SMO method

The following figure ref Fig11 represents the evolution of
accuracy and Recall as a function of degree by testing the
training data and using the Polynomial kernel of the LibSVM
method:

Fig. 12. Precision and Recall according to the degree of the polynomial
kernel for the LibSVM meth

D. Discussion

From the previous figures, it turns out that the best results
that can be obtained in terms of precision and recall are those
using the RBF core with a gamma = 0.08 and the LibSVM
method. The accuracy is then 90% and the recall is 99%
because of the good compromise it has between accuracy and
Recall. Through all our experiments and results, we can say
that our proposed system is able to correctly identify 99% of
the cases of patients affected by cardiovascular diseases.

V. CONCLUSION

With the advent of new technologies in the digital health
field, and the growth of the human population, medical surveil-
lance systems have become of paramount importance. We have
studied in these work these systems and proposed a solution
based on smart watches.

We designed and built a remote medical surveillance system
that combines three main parts: patient, doctor and adminis-
trator.

Patient and physician applications are located on smart
watches and are responsible for collecting patient data and
reporting to physicians

The administrator application is located on a remote server
and is responsible for building and using automated decision
models for early detection of diseases. We finally validated
our proposal with an application on the case of monitoring
cardiovascular diseases.

The recognition rate obtained on the training data exceeds
97%, which is very encouraging and demonstrates the effec-
tiveness of the method proposed.

For future work, we suggest some ideas that can improve
our system such as:

• Improved applications on watches for better system set-
tings.

• The application of the system in real cases to build
training bases.

• Strengthen the administration system with other machine
learning methods to improve its accuracy.
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