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ABSTRACT

A worldwide increase in healthcare problems and disorders underscored the significance of across the globe
healthcare monitoring (HCM). Several countries have increased lifespans due to technological medical developments,
government health initiatives, and personal cleanliness. Globalization has led to a gradually rising elderly population and
a decrease in fertility, which might result in problems with socioeconomic status. In order to assist older adults, HCM
technologies must be cost-effective and simple to implement. Autonomous HCM could be feasible, incorporating
wearable devices with sensors, actuators, and communication. The above approach enables practical and efficient personal
medical care for older people, minimizing their requirement for costly hospital treatment. The entire study emphasizes
the non-invasive blood glucose monitoring (NIBGM). The idea for the project includes developing a non-invasive medical
device with RFID tags login, data storage, and smart sensors that allow the monitoring of several organs. The small in
size, interconnected sensor monitors body temperature (BT), blood glucose level (BGL), blood pressure (BP), heart rate
(HR), and oxygen saturation (OS). The internet-based monitoring device permits healthcare providers to keep track of
patient’s health metrics in real-time and send data to remote places. The new method allows healthcare professionals to
present rapid assistance and reinforcement, enhancing the results for patients.
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older adults simple and successful, reducing the demand for more expensive hospital treatment. Investigators
everywhere are examining non-invasive blood glucose monitoring (NIBGM) innovation, which has benefited
many patients™™**%, Monitoring several healthcare records and not obtaining an electronic device (e-Device)
capable of measuring every sign of health is challenging. Standard blood glucose level (BGL) tests require
finger tapping, resulting in the risk of infection and aches!*® 2,

The main objective of the study recommended is to develop and manufacture a device for medical use
capable of measuring physiological parameters like body temperature (BT), blood glucose level (BGL), blood
pressure (BP), heart rate (HR), and oxygen saturation (OS). Patients at their residences or hospitalized have no
trouble employing this integrated devicel? ). This device utilizes RFID tags to securely log and transmit data
collected in the public cloud for virtual medical professional monitoring and preliminary health diagnosis.
Patient access and ease of use will be enhanced by the device’s minimized pulmonary function test referrals to
healthcare centers. Sensors are devices that are readers for RFID tags stored in the cloud storage system and
have been designed to be integrated®®*%. The e-Device will be thoroughly assessed for precision,
dependability, and accessibility. A less expensive, easy-to-use, trustworthy healthcare device capable of
measuring critical physiological conditions in a single location and allowing monitoring of HCM for enhanced
quality of healthcare is desired™® !,

The idea for a medical e-Device is new and promises significant medical improvements. This integrated
sensor detects the Temperature of the BT, BGL, BP, HR, and OSI**“%, By reducing the demand for different
devices to monitor every essential warning, this medical e-Device provides patients with an inexpensive and
easy-to-use choice. The small e-Device privately stores and maintains data collected in a public cloud using
RFID tags, permitting professionals to monitor HCM and identify medical conditions early, boosting medical
results.

Patients can utilize the medical device at their residence without lengthy processes, thus rendering it
approachable to everyone. The recommended medical device is a novel, cutting-edge approach to patient life
assessment problems that is cost-effective, easy, and readily available, allowing virtual monitoring and
enhancing healthcare results.

The research paper has been organized in an orderly approach: Following the overview of the existing
literature study in section 2, the approach used will be addressed in section 3, the results of the analysis are
presented in section 4, and the study is concluded in section 5.

2. Related works

Recent advances in information and communication technology (ICT) have led to the development of
telehealth monitoring services and the submission of related proposals. An algorithm using electrocardiogram
(ECG) data to monitor blood glucose levels that use the CNN method to extract the features of ECG has been
developed. The importance of the P wave and PR segment in participants with low BGL, indicating atrial
impact, and the significance of the QT interval at low BGL ranges are also highlighted™!. A rapid measurement
system for numerous health factors is created utilizing multiple sensors and an Arduino Uno Microcontroller
(AUM). Through a single application, customers may check their measurement data and promptly
communicate their health metrics with the doctor support to the microcontroller’s connection to a mobile app
and LCD through Bluetooth®?, Recent advancements in healthcare informatics explicitly focusing on non-
invasive data acquisition using the Internet of things (IoT), such as real-time HR extraction using computer
vision (CV) algorithms, non-invasive body temperature sensing targeting the forehead, and the impact of
software design on enhancing data acquisition algorithms and reducing processing power usage are discussed
in works of literature*®], In order to promote dependable, affordable, and quick intelligent HCM systems, a
review of such literature aids in the creation of intelligent non-invasive sensing techniques.
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In order to predict unrecognized and treatable health conditions in older adults, a wearable HCM system
that integrates temperature, respiration, and HR sensors incorporated in a wearable belt is designed. This
system offers end-to-end encrypted data transmission for security and the ability to send location information
and processed data to family members or health centers, making it a valuable tool for monitoring elderly
patients*, The challenge of implementing novel remote patient monitoring (RPM) interventions in healthcare
practice despite their potential is highlighted in the review article. Limited evidence supports non-invasive
RPM interventions’ improved health outcomes and cost benefits. The systematic review emphasizes the
prevalent use of multi-component interventions for chronic disease monitoring in the elderly population. The
effectiveness and utility of RPM technology for different patients must be evaluated through more research
with robust study designs®*®!,

Recent progress in NIBGM technology that offers continuous real-time HCM, overcoming the limitations
of traditional invasive blood glucose meters, is discussed in survey papers. Non-invasive methods can be
classified into optical, microwave, and electrochemical categories. While visual and microwave methods
provide continuous monitoring without discomfort, they may require algorithm correction and face challenges
related to individual differences and complex detection meanst*®!. A NIBGM system utilizing 10T devices has
the potential to aid in diabetes management. The system captures images from the finger or ear instead of blood
samples and employs an artificial neural network (ANN) model to estimate and classify BGL attention!*”). The
use of a deep neural network (DNN) model based on photoplethysmography (PPG) signals in a novel system
for non-invasive assessment of hemoglobin, glucose, and creatinine levels is presented®]. The technology uses
a smartphone fitted with an 850 nm near-infrared LED to illuminate the fingertip and analyze PPG signals to
provide real-time HCM from the comfort of one’s home. Estimating blood component levels using feature
selection and DNN models is incredibly successful.

Physiological models use machine learning (ML) approaches like multivariate linear regression (MLR)
and support vector regression (SVR) to fit arterial volume-pressure models and increase the accuracy of BP
estimates. Wearable technology and deep learning (DL) algorithms are also promising for estimating blood
pressure. A VIS-NIR optical device for non-invasive glucose prediction is proposed where multi-
wavelength measurements improve the accuracy of BGL awareness approximation. Regression and
classification models demonstrate good performance, with the FFNN regression model outperforming the
MLR model and classification algorithms, achieving successful classification into normal, hypo, and
hyperglycemic rangest®®,

Numerous studies have significantly advanced invasive and non-invasive HCM by incorporating loT and
ML technigues. In this context, ‘invasive’ refers to monitoring systems that involve penetrating the body, while
‘non-invasive’ pertains to methods that do not require penetration. Understanding these terms is essential in
comprehending the nuances of HCM technologies®Y. The literature highlights the potential of loT and ML
techniques to improve healthcare outcomes, reduce costs, and enhance patients’ quality of life despite facing
inherent introducing notable improvements®. By emphasizing the advancements achieved in the work, the
work focuses on a meaningful contribution to the ongoing evolution of intelligent HCM systems, thereby
addressing the current challenges and opening promising avenues for future research and development in this
domaint®,

A brief overview of the contemporary loT-based HCM systems is provided in Table 1.



Table 1. Summary of loT-based HCM system.

Ref  Problem statement Methodology Benefits Performance
metrics
[54] An loT-based patient HCM Patient care is performed with the ~ Prevention of diseases HR

system connected to the cloud- lowest possible input level from
based Talk network depends on individual patients.
these technologies.

[55] Researchers invented a small The device used as the mobile Designed in a rigid-flex setup, the  HR, BGL,
sensor connection that can be  gateway is a smartphone, the fixed  framework is developed. BP.
maintained and has the potential gateway is a Raspberry Pi 3, and the The electrocardiogram, HR, and BT
to measure an enormous data transfer metrics are selected by are monitored, and the PAT is
number of biological signals. a Bluetooth Wireless Low Power applied to estimate the blood

device. pressure. Data is protected.

[56] A real-time loT system has An ESP32 works to collect data It is helpful to have a framework BGL, HR
been suggested in order to track from sensors that perform research  functioning correctly when viral
the health metrics of patients in  on the results and then upload it to  illnesses are evident.
addition to the climate of the the loT.
location.

A mobile phone is used as a The sensor data is collected and It was created as a mobile HR, OS, BGL
tool in the IoT HCM system analyzed by the system using the application. This function secures
that was developed. AUM, which sends it to the cloud data by transmitting it to a selected

via Wi-Fi. mobile.

[57] The loT-based remote HCM The AUM provides the network to A smartphone application was HR, BT, BGL
system model has been created. collect and analyze sensor data, and designed to obtain information from

the third generation of the the Google Firebase database.

Raspberry Pi is responsible for Security is on the information’s

sending the data to the IoT. transmission; only authorized users
can retrieve information.

[58] It provides for the transmission  Pay attention to the following The data can be retrieved inmany  HR, BT, and
of aggregated data between variables and send information methods. Automatically alerts BP.
three distinct modes—BGL, the using all three methods. carers of possible hazards. It
Global System for Mobile, and minimizes the probability of
Wi-Fi—which enhances the missing the location of a patient in a
accessibility of medical scenario where one of the ways
services. ceases to function or malfunctions.

3. Proposed work

The proposed work aims to develop an integrated medical e-Device that integrates RFID login, sensor
technology, and database storage to measure critical body vital organs. By combining these features, the device
eliminates the need for separate devices, resulting in cost reduction and simplified monitoring for patients.
Patients and healthcare professionals may examine data stored using RFID tags for secure login and reliable
cloud-based storage. The device detects BT, BGL, BP, GR, and OS in the blood non-invasively utilizing
wireless sensorst,

Patients have no trouble employing the suggested device due to its simplicity. The smartphone application
enables physicians to remotely monitor patients’ health metrics, improving patient tracking quicker. Mobile
application notifications for important principles boost functionality and allow rapid responsest®..

The recommended integrated healthcare e-Device addresses the challenge of assessing health information
in a low-cost and easy-to-use method. RFID, the existing sensor, and an easy-to-use application for mobile
devices enhance device performance and connectivity. The medical device enhances patient safety and ease of
use with NIBGM® %2 This novel device might boost the health of patients and their well-being by remotely
tracking and automating access to data.

4. Design of proposed work
As illustrated in Figure 1, the data evaluating unit monitors all critical parameters employing sensors that
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are the AMU chip evaluates the results, and the resultant unit accepts the information collected. At the output
end, an LCD is the measured parameters, which are also stored in the cloud for future use. An LED connected
to the output indicates the abnormality in the estimated readings.

RFID bLED indicator

Temperature
Sensor

Data Acquisition,
Processingand sl LCD display
Transmission
module

Pulse Sensor

BP Module

SpOz Sensor * Cloud

Blood Glucose
Meter

T

Figure 1. Block diagram of the proposed system.

The multiple hardware devices and software tools used to develop the proposed model are described in
this section.

Hardware components used

The RC522 RFID tags and card reader module are used to collect the patients’ database. This database
helps authenticate a patient during HCM and keeps a record of the patients for future use. Node MCU ESP8266
module integrated with Wi-Fi technology is used as a firmware and development board that targets the
proposed work for 10T applications. The AMU boards are based on the ATmega328P microprocessor, where
various sensors, display units, LEDs, and buzzers are interfaced. It is programmed using the wiring-based
AMU programming language!®®!.

VIN GND SCL SDA

ee®

Figure 2. MLX90614 contactless infrared (IR) temperature sensor.

The MLX90614 shown in Figure 2 is a contactless IR temperature sensor interfaced via the 12C interface
with the AMU board. It utilizes IR radiation detection and conversion into electrical signals for accurate
temperature measurements. Its dual thermopile, integrated amplifier, and ADC convert the IR radiation into a
digital output that microcontrollers like Arduino can easily read. Figure 3 is a MAX30100 pulse oximeter and
HR monitor sensor that uses infrared and red light to detect blood OS levels and heart rate. A tightly coupled
sensor that is being tested uses LEDs and photodetectors to monitor BP through radiation.



Figure 3. Pulse sensor.

The MAX30100 sensor that is being tested interacts with the AMU processor with the aid of 12C at 1.8
V t0 5.5 V. SpO2 levels and the HR is precisely determined by the MAX30100 unit by sending radiation onto
the surface of the skin and examining the light that is reflected. The background light canceling algorithm
minimizes background light interruptions. The MAX30100 sensor that is being tested unit is precise and
dependable for use in healthcare and fitness apps.

Figure 4. BP sensor module.

Medical e-Devices, including Figure 4’s BP sensor that is being tested in the unit, detect BP levels. The
collar over the top of the arm is deflated to stop blood circulation in the pressure sensor unit temporarily. After
sensing cuff pressure, the module’s algorithm determines BP®. BP sensor that is being tested unit connected
with Raspberry shows both diastolic and systolic BP-NIBGM employs the AMU-interfaced 940 nm NIR LED
and monitors in real-time. This 16 %<2 LCD and 0.96-inch OLED panels integrate protocol 12C to connect with
AMU and report sensor-measured necessary data.

5. Implementation and results

5.1. Temperature and pulse measurement

For the aim of measuring the BT and the HR, the hardware setup is shown in Figure 5. The setup
incorporates a reader for RFID tags, sensors that are a board powered by an AMU, and an LCD.

Patinets users can connect the MLX90640 sensor that is being tested to the Raspberry AMU by connecting
its VCC and GND pins to the board’s Arduino connectors. The sensor’s SDA and SCL pins are linked to the
Arduino’s A4 and A5 pins, with the pull-up resistors specified. Attaching the pulse measurement sensor’s VCC
and GND pins to the Arduino’s pins and attaching the output of the signal pin to any of the digital pins connects
them instantly. Then, BT and HR measurement APIs like the Adafruit MLX90640 and Pulse Sensor
Laboratory are retrieved and deployed. Read data on temperatures and read values from each 32 x24 pixel
employing the Adafruit MLX90640 microcontroller.



Figure 5. Temperature and pulse sensor setup.

Likewise, the PulseSensor library is implemented to read HR data and calculate the heart rate based on
detected pulses. Subsequently, the acquired data is transmitted to the cloud through a connection to an MQTT-
compatible service. To establish this connection, an MQTT library is installed on the AMU, and BT and HR
data are published to a designated topic. Real-time data visualization is achieved through a web-based
dashboard or mobile application.

Figure 6. Output of temperature and pulse sensor in serial monitor.

The data acquired by the Temperature and the pulse sensor is displayed in the serial monitor shown in
Figure 6. This data is further moved to the cloud, as discussed earlier.

5.2. BP measurement and RFID

The BP sensor Module is connected to the AMU using the SCL and SDA pins in the Arduino, as shown
in Figure 7.

Figure 7. BP sensor module and RFID setup.

The RFID Reader module is also connected to the AMU in order to make an entry of the data in the cloud.



Figure 8. Output of BP sensor module.

The output of the BP sensor module, along with the personal information obtained from the RFID, is
displayed in the serial port shown in Figure 8.

5.3. BGL measurement
5.3.1. Principle of BGL measurement

The principle of BGL measurement using NIR sensors involves a non-invasive approach to measuring
BGL. NIR sensors emit light in the NIR wavelength range, typically around 940 nm, which the BP under the
skin absorbs. This absorption varies depending on the BGL. When the NIR light is emitted onto the skin, it
penetrates the tissue and interacts with the BP. The light is partially absorbed by the blood, and the remaining
light is reflected to the sensor. The sensor detects the intensity of the reflected light, which is then used to
estimate the BGL. The absorption of NIR light by blood is influenced by glucose molecules. As the BGL
increases, more light is absorbed by the blood, decreasing the intensity of the reflected light. Conversely, lower
BGL leads to less absorption and a higher intensity of reflected light, as shown in Figure 9.

Incident Light beam

Low Glucose
Leads to more
intensity of light

Incident Light beam

High Glucose
Leads to less
intensity of light

Figure 9. Scattering of light with BGL.

Non-invasive BGL measurement using NIR sensors offers several advantages over invasive methods,
such as finger pricking. It eliminates the need for painful procedures, reduces the risk of infection, and allows
for more frequent BGL monitoring.

5.3.2. Hardware setup of BGL measurement
To measure the BGL, the hardware setup is connected based on the connection, as shown in Figure 10.

Circuit Diagram
Power Adopter 12v g

12v+ GND

SvVee
vie Sensor A0 Arduino
— scL|aq UNO
G OLED SDA|as

Figure 10. Circuit connection for NIBGM.
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Figure 11. Prototype model of NIBGM.

The optimal NIR light source for monitoring BGL is one with a wavelength of 940 nm. The setup on

either side of the measurement site, often the fingertip, consists of an NIR transmitter and an NIR receiver
(photodetector). The prototype model of the BGL meter is depicted in Figure 11.

NIR light travels through the skin and is absorbed by interacting with the BGL. Depending on the BGL,

some NIR light is absorbed while the remainder passes through the fingertip. The amount of BGL affects how
much NIR light can pass through the fingertip. The OLED and the web server both display the obtained BGL

value.

5.3.3. Validation of results

non-invasive techniques, and the readings are tabulated in Table 2.

Table 2. Comparison of results based on invasive method and non invasive methods.

The proposed method is validated by measuring the BGL readings of 20 individuals using invasive and

Test BGL obtained by invasive method BGL obtained by non-invasive method  Difference  Accuracy (%)
(mg/dL) (mg/dL)

1 117 118 +1 99.1
2 143 143 0 100
3 112 115 +3 97.3
4 106 103 -3 97.1
5 166 169 +3 98

6 193 192 -1 99.4
7 88 88 0 100
8 108 110 +2 98.1
9 110 117 =7 93.6
10 134 151 =17 87.3
11 145 156 -11 92.4
12 170 161 9 94.7
13 113 108 5 95.5
14 110 132 —22 80
15 165 152 13 92.1
16 227 258 =31 86.3
17 149 160 -11 92.6
18 130 104 26 80
19 220 198 22 90
20 129 136 =7 94.5
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Figure 12. Comparison chart on BGL obtained by invasive and non-invasive methods.

Figure 12 represents the comparison chart on the BGL values obtained by invasive and non-invasive
methods. This chart depicts the closeness of both the values and the accuracy of the proposed BGL
measurement device, which is calculated using the following formula:

Accuracy = 100% — Error rate
Error rate = (Observed value — Actual value)/Actual value =100
Total accuracy obtained: 93%.

It is important to note that NIR sensors may be affected by external factors, such as ambient light and
variations in skin properties, which need to be carefully addressed in the calibration and measurement process.

5.4. Cloud database

The measured body vitals from the sensors are gathered and stored in the database along with the patient
details and the time of the logged data, as shown in Figure 13a,b.

Master DB BP BB # m &
File Edit View Insert Format Data Tools Help

5 e & F 100% - % O % om|pefaul. v -(10]+ B I FA B -

(a) (b)
Figure 13. (a) Measured body vitals—Temperature and pulse rate stored in the database; (b) measured body vitals—BP and heart
rate stored in the database.

A Google Drive database is used here, and this database can be accessed by doctors and patients for
further analysis.

6. Conclusion and future work

A comprehensive method to monitor body temperature (BT), blood glucose level (BGL), blood pressure
(BP), heart rate (HR), and oxygen saturation (OS) is presented. RFID logging into the system, the storage of
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databases, and the use of sensors ease and reduce monitoring costs. The medical device additionally permits
the use of remote access for immediate health monitoring, enhancing the quality of life for patients. The work
of art monitors BT, BGL, HR, BP, and OS with Arduino Microprocessor Uno chips and sensors. Using OLEDs
and LCDs, it presents distinct visual feedback.

The BGL measurements of the NIR sensor that is being tested are 93% accurate, making it a cost-effective
healthcare approach. The non-invasive approach, easy-to-use interface, and accessibility via the Internet make
it approachable for numerous patients. Early healthcare diagnosis and treatment are essential. Several crucial
components should be tackled in order to maximize this. First, enhancing data analysis can help identify and
resolve medical problems immediately. Second, adding an application for smartphones for monitoring in real-
time, particular medical recommendations, and remote healthcare assistance may provide additional results.
Third, energy optimization, wireless charging for devices, and batteries with long lifespans might allow
uninterrupted monitoring of health indicators. Data privacy and security require robust encryption, strong
patient authentication, and secure storage. Accuracy and effectiveness require clinical investigations and
testing with medical specialists and research centers—easy accessibility and affordability require cost-
effectiveness.
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