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Monitoring human health has become a phenomenon that integrates cutting-
edge technology, which is capable of provisioning updated and sufficient data
information to support human well-being in general. A key component of
healthy living is preventing disease and health issues in general. The
development of Internet of Things (1oT) technology has greatly improved a
number of industries, including healthcare. In this study, a unique four-
layered architecture for a Remote Health Parameter Monitoring (RHPM)
system that uses sensors to monitor blood oxygen concentration (SpO2), body
temperature (BT), and heart rate (HR) is presented. The system incorporates
edge and cloud computing technologies. Data preprocessing at the edge is
performed using an Arduino ESP8266 board and transmitted to cloud servers
via the Message Queuing Telemetry Transport protocol for real-time

Real-time Health Data
Wearable sensors

processing and visualization. The testing of the system returned very high
accuracy, yielding Mean Absolute Percentage Error (MAPE) values of
2.32%, 2.94%, and 3.43% for BT, SpO2, and HR, respectively. Another
metric of evaluation was the R-squared value, which yielded 98% for BT and
97% for both SpO2 and HR, respectively. This paper integrates Support
Vector Machine models, which enhances its predictive capability and
achieves a cross-validation accuracy of 94.7%. The result indicated that the
RHPM system is able to improve the well-being of the patient through early
detection and informed preventive health management. Health institutions
can tap into the real-time characteristics of the health parameters being
monitored in fueling medical decision support systems for improved
customer satisfaction and the delivery of modern healthcare solutions.
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1. INTRODUCTION

IoT and its applications have been viewed as one of the most rapidly growing concepts for the last
few years in industries such as engineering, healthcare, commerce, agriculture, and environmental
management. A number of linked devices that are equipped with sensors and embedded systems which have
the ability to collect, process and distribute data from their ambience compose Internet of Things networks
[1][2]. Smart manufacturing, smart cities, smart agriculture, and—most intriguingly—smart health are just a
few of the remarkable new applications that have emerged as a result.

In order to prevent a breakdown, improve efficiency, and lower maintenance costs, monitoring
health entails taking ongoing, controlled steps to assess certain aspects of a system's operation [3][4].
Depending on the objectives of the monitoring operations, they may be conducted in a specific region of
interest or in another location. Achieving Sustainable Development Goal (SDG) number 3, which aims to
encourage healthy living for all of its members and improve the average well-being of people, depends on the
monitoring of human health in particular. Health monitoring services are acknowledged by the World Health
Organization (WHO) as being crucial for handling public health emergencies like the COVID-19 pandemic
[5][6]. In Addition, the achievement of SDG 3 depends on a number of factors, including illness management
and in-house care [9] and [10], intensive care monitoring [8], public health monitoring and reporting,
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occupational health monitoring [7], soldiers' health on the battlefield, etc. Patients who depend on traditional
health monitoring systems have to seek medical attention sometimes in institutions, which is costly and time-
consuming. In Addition, these systems could not provide real-time data that would minimize their capability
to manage and prevent health problems. 10T presents a game-changing answer in allowing remote health
monitoring through networked devices that gather, process, and send health data in real-time. Efficiency and
reliability need the appropriate integration of edge and cloud computing technologies, which, unfortunately,
is mostly missing in current loT-based health monitoring systems. Moreover, most of them also suffer from
well-marked deficiencies in performance evaluation measures that could ensure accuracy and dependability
compared with traditional medical equipment.

Aiming for ease of use with a four-layer streamlined structure, this paper suggests a hovel RHPM
system on both the technologies of edge computing and cloud. The proposed advanced sensors monitor
several health factors like blood pressure, heart rate, and oxygen saturation of the patient using advanced
sensors in the proposed system and transfer the data interpreted and displayed utilizing cloud resources. It
targeted developing an integrated remote health monitoring system capable of early sickness detection and,
correspondingly, appropriate treatment.

The contributions provided by this study are as follows:

1. A new, advanced four-layer architecture comprising sensors, cloud computing for various data
processing and storage, edge computing for preprocessing, and a simple user interface for real-time
healthcare provider monitoring.

2. Our system has been subject to steady validation and testing, which resulted in low MAPE and
high enough R-squared values to prove that this is a system reliable enough to be compared to hospital
equipment.

3. Due to cloud integration, users can now visualize their data in real-time and receive notifications
regarding it for further analysis or to take any action based on their health state.

4. Because the MQTT protocol is utilized for communications between the edge and cloud levels,
the system may also be made more flexible and scalable.

Section 2 of the remaining portion of this paper reviews relevant research on Internet of Things-
based health monitoring systems. The technique is described in Section 3, which also covers the
implementation details and system design. The results collected are discussed and provided in section 4. The
conclusion and future study direction are presented in section 5, which is the final portion.

2. LITERATURE REVIEW

In 2020, [4] conducted bibliometric research, which found that the phrase "health monitoring" was
included in 42% of 13,500 search results. This indicates that a great deal of research has been done on the
topic of health monitoring, which involves the use of integrated technologies and tools to constantly check
and generate data on users' health conditions. The idea is summed up as Health 4.0, which is the use of 10T to
remotely communicate data over the cloud and monitor vital indicators. Wearable sensors make up this
network of things. Wearable technology accounted for the majority of sensor-based health monitoring
systems reported in the literature [11]. The study [12] set up a sensor array that included an accelerometer,
oximeter, pulse rate, and electrocardiogram (ECG) sensors to track various health metrics via a safe cloud
platform. Similarly, [13] used a Raspberry Pi to create a health parameter monitoring (HPM) system based on
three parameters: temperature, ECG, and pulse rate. Through the use of a sensor interfaced with the
Raspberry Pi controller, the health parameters were gathered and then sent over Hypertext Transfer Protocol
(HTTP) to a server. From there, they were disseminated to the relevant parties via a Short Message Service
(SMS) dashboard. However, there was no data analytics component in the system. This work was
comparable to that of who used a Raspberry Pi to create a system that was comparable to this one and could
connect with a smartphone. In the study of [14], BT, HR, and saline levels were tracked using Raspberry Pi.

Vital signs of patients in severe situations, such as coma, were tracked in studies conducted in
[15][16] and [17]. An SMS would be issued to the caretakers and the medic if the vitals deviated from the
threshold levels. However, neither a cloud interface nor a system that would do predictive analysis on the
gathered data were there. In [18], real-time BT monitoring was accomplished with an Arduino and DS18B20.
Additionally, it may identify deviations from the threshold and notify medical professionals so that prompt
control actions can be implemented.

In the research in [20], wearable Internet-of-things (loTs) monitoring systems were explored in
relation to the challenges associated with several of them. Components such as system functionality, security
and privacy issues, enabling technologies, and the prospect of integration and applications were addressed.
The study prefigured the growth of e-health ideas with the superior performance of wearable devices in the
health care service delivery in no distance time. This work is sine qua non to the realization of these said
objectives.
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In conclusion, the accessible literature demonstrated that several articles have been written on
remote health monitoring. The study of performance evaluation that contrasted the measurements of standard
measuring equipment with their suggested parameter measurements, however, has not received enough
attention from state-of-the-art research, according to the list of existing literature. Using metrics such as the
MAPE and the R-squared value for the standard and measured parameter values, it is necessary to identify
the loT systems intended to monitor health parameters. Furthermore, the reviewed literature did not
sufficiently address the issues of cloud-based data analytics.

3. METHODS

Figure 1 illustrates the four-layer architecture followed by the proposed RHPM system, which will
enable the efficient gathering, processing, and analysis of health data in real-time. It will be an integrated
solution for remote health monitoring, with advanced sensors, as well as levels of edge and cloud computing,
together with an intuitive user interface.

3.1. Architecture of the System

The architecture of RHPM is a four-layer one:

Sensing Layer: It consists of the advanced SpO2, HR, and BT sensors. These will be designed in a
wear-and-forget style to attach on the body, hence offering the capability for continuous patient monitoring in
a very non-intrusive fashion.

Edge Computing Layer: Data collected at the sensing layer is transmitted to the closest edge device
(a specialized gateway or smartphone) for additional processing. These activities involve fundamental
analytics, data smoothing (aggregation), and data reduction (compression and filtering). This, in turn,
facilitates bandwidth efficiency and speeds up operations by reducing the size of the data sent to cloud
storage.

Communication Layer: This guarantees that Wi-Fi will be used as the communication channel
between the server and the edge device due to its reasonable bandwidth, power efficiency, and range.
Normally, Wi-Fi can cover distance from 100 to 300 meters which is enough for most systems for home-
based and facility-based health monitoring. The MQTT protocol is used as a means of communication
because it is lightweight, economically reasonable, and suitable for handling dense short bursts of data, which
are a feature of the Internet of Things.

Cloud Computing Layer: Data processed by the edge device is transferred to cloud servers via
secure links. The cloud layer's strength lies in its ability to provide space, valuable data treatment, and
advanced analysis in Addition to timely data presentation within the graphics. It also provides the glue
required to combine various machine-learning algorithms to identify abnormal behaviours and send signals to
the appropriate authorities.
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Figure 1. Architecture of RHPM

3.2. Data Processing and Flow

The two sensors that are required for detecting the needed health-related data in this system are the
Sp02 sensor for measuring HR and SpO2 data and an infrared temperature sensor, MLX90614, for
measuring BT. The data captured by these sensors were delivered to an edge processor with inbuilt Wi-Fi on
an ESP8266 board. Next, data preparation in the form of filtering, compression, and aggregation through the
nth-term moving average technique, as described in Equation 1, was performed. This was the initial
preparation of data in such a way that noise was reduced and redundant data dropped before actual
transmission to the cloud with efficiency and dependability regarding data handling.
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n
i=1%
= (1)
Where,
x = sample sensor data
n = moving average term

Because of its lightweight design and effective functioning, even with limited bandwidth, the MQTT
protocol was used for data transfer. The 10T Edge transmits data to a topic on the MQTT Server (Mosquito)
using a publish-subscribe mechanism. Data from the edge layer was published as a topic, while the web
dashboard interface subscribed to the topic to be able to access and track the health data for analysis and real -
time monitoring.

Thirdly, the aggregated data was stored on the cloud and analyzed on the cloud. The analytics phase
was achieved by deploying machine learning algorithm for the prediction of probable health condition. The
ultimate result of the system is alert generation and real-time monitoring. Healthcare providers can have a
user-friendly dashboard showing processed data in real-time. If any metric crosses the predetermined criteria,
alerts are immediately triggered, thus enabling prompt intervention and proactive healthcare management.

3.3. System Implementation

For this implementation, Figure 2 shows a circuit schematic highlighting the interface of the sensors
with an ESP8266 board.
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Figure 2. Schematics of the RPM

The software development with C-based ESP8266 using the Arduino programming IDE became a
starting point for developing software using Python language targeting the Edge-cloud components. The
MQTT was also implemented at the Edge end, first by serializing and formatting the data string using the
JSON object form. It was published on the "Health Parameter" topic. The cloud side interfaces with this
topic subscription through an API. The data was then converted back from JSON object form into its original
format.

The SVM technique was utilized to define a hyperplane (Equation 2) between the dataset's healthy
and sick classifications, enabling real-time monitoring. This was accomplished by reducing the distance
between the two categories' closest data elements (support vectors), which allowed for efficient classification
using Equation 2.

min,, > IWl[? + € B & ¥
Subject to

yiw.x +b) = 1fori =1,...,n
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Where,

w = weight vector w

y; = class label (healthy, unhealthy)
b = bias term

x = input feature vector

&; = set of slack variables

C = regularization parameter

Secondly, SVM resolved its dual variables by utilizing the Lagrangian of the primal problem, as
formulated in Equation 3 [19].

1
Maxq Y7y a; — 220 A YiYiXi * X 3)
Where «; is the Lagrangian multiplier

Thirdly, SVM employed the decision function, as expressed in Equation 4, to make predictions on
new instances Xx.

F(x) = sign(Z;; aiyix; - xj + b) (4)
The SVM model was built with the hyperparameter settings in Table 1.

Table 1. SVM Parameter Tuning

Hyperparameter Value
Regularization parameter, C 1.0
Gamma Scale
SMOT (random state) 42
Cross-validation, cv 5
Standard Scaler Standardized feature

Initially, the developed RHPM was used to collect 50 sample data from volunteers following ethical
guidelines. These sample data were recorded. Clinical records were also used to compare data in order to
formulate labeled classes for the complete dataset.

To avoid biase, the dataset was enhanced by augmentation, and finally we had a total sample of 500
data samples in the dataset. The next stage was reprocessing, which involved cleaning and engineering the
data, and eliminating the class imbalance through SMOTE.

Lastly, the model was developed using SVM because of its record of high performance on linear and
nonlinear classification tasks. The model was built using the hyper parameters listed in Table 1. During
model training with 80% of the dataset, cross-validation of the model's parameters was performed, and
further regularization was done to reduce over-fitting. Some of the performance indicators assessed were
accuracy and precision, recall, and F1 score, all of which showed the reliability of the SVM when operating
on unknown data.

The trained SVM model was regularly fed with new data samples. Real-time predictions was
achieved by the model using the 20% data sets. The patients' personal physicians and caregivers received
alert signals that were prompted by the model's prediction.

3.4. Systems Testing

The system was first tested by measuring HR, Sp02, and BT. These were noted alongside the data
obtained using conventional instruments. The two value sets were contrasted with one another. Fifty
participants participated in this test, which was conducted in the same way while adhering to ethical
standards at all times. Thingspeak.com was used to successfully illustrate cloud data aggregation. Data was
then transferred to a push notification API for instant alerting and monitoring.

4. RESULTS AND DISCUSSION
Plotting measurements from the standard devices versus those from the test device was done using
the recorded data to construct the charts shown in Figure 3, which illustrates the comparisons of the standard
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values of HR and those measured from the HRPM in a linear regression graph. The outcome of the regression
reveals that the R-squred value yielded 0.9842 (98%).
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Figure 3. Standard HR against Measured HR

In Figure 4, the standard readings of the SpO2 were compared against those of the RHPM. The
result showed that the r-squared value of the analysis yielded 0.967 (97%)
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Figure 4. Plot of SpO2 Standard Reading against RHPM

Also, in Figure 5, is a linear regression graph of the readings of the standard BT against BT readings
of the HRPM. The graph has the standard readings on the vertical axis while the measured readings were
plotted on the horizontal axis. The graph also showed that the r-squared value of that analysis yielded 0.9691
(97%).

Table 2. Results of MAPE Calculations of the Test Parameters

Measured Parameter MAPE Value R-square Value
BT 2.32% 0.98 (98%)

Blood Oxygen SpO2 2.94% 0.97 (97%)
HR 3.43% 0.97 (97%)

Equation (5) was used to get the Mean Absolute Percentage Error (MAPE) for each parameter. The
MAPE results are shown in detail in Table 2, which presents the measurement accuracy between the tested
device and standard measuring equipment within the framework of measured parameters.
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Figure 5. The Plot of Standard BT against RHPM BT Readings
The results of the SVM prediction model are shown in Tables 3 and Table 4. Table 3 is a
presentation of the result of the performance metrices, including cross validation result being 95%, training
accuracy being 97%, and testing accuracy being 95%.

Table 3. Performance Result of the SVM Model

Performance Metrics Result
Cross Validation 95%
Training Accuracy 97%
Testing Accuracy 95%

The result of the confusion matrix | presented in Table 4. The result indicates that during the
classification by the model, there was zero case of false positive, and only 6 cases false negative. In all, 61%
classification were correctly predicted as true negative and 57% recorded as true positive.

Table 4. Confusion Matrix
Unhealthy Healthy
Unhealthy 61 6
Healthy 0 57

4.1. Discussion

From the 10T device performance tests, R-squared values for BT, SpO2, and HR were exceptionally
high at 98%, 97%, and 97%, respectively. This further indicates that the measurements are in good
correlation with the standards and hence show very strong accuracy and reliability. The MAPE values of the
corresponding parameters measured by the test were 2.32%, 2.94%, and 3.43%, respectively. This shows a
low deviation from the standard measures, hence proving the performance of the RHPM.

The forecasted health parameters were then classified using an SVM model, which gave an accuracy
of 94.7% in cross-validation, 97% in training accuracy, and 95% in testing accuracy. The result indicated that
the performance of the SVM on this test was very effective when generalizing to unknown data. In Addition,
both classes achieved an F1-score of 0.95 and a perfect recall of 1.00, indicating that the model was able to
identify all positive cases correctly. As seen in Table 4, the confusion matrix contains only six that are
classified wrongly, showing that the model is effective in maintaining high classification accuracy and
reliability.
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5. CONCLUSION

The cloud-centric RHPM system, as proposed in this work, has been designed to monitor user health
status continuously and in real-time. It captures physiological parameters with 10T technology and wearable
fabrics, using edge-to-cloud technologies for streaming data analytical purposes. The system facilitates the
transmission of users' bodily characteristics across cloud application interfaces to deliver personalized
healthcare services through the usage of the MQTT protocol and facilitates remote access for stakeholders,
including physicians and caretakers. The system testing results showed significantly high R-squared values
of 0.98, 0.97, and 0.97, respectively, coupled with minimal MAPE values of 2.32% for BT, 2.94% for SpO2,
and 3.43% for HR. The SVM model used to predict health status has a cross-validation accuracy of 94.7%.
These demonstrate that the integration of technologies used in the system's development can result in a better
alternative healthcare solution to personalized medicine since the RHPM's performance is extremely near to
that of standard measuring instruments. However, we consider that the system may have limitations due to its
reliance on an internet connection and the requirement for continuous calibrating streaming data. In future
research, techniques for adaptive machine learning and idea drift management can be used to handle the
ongoing calibration issue, even if internet connectivity may be a regional issue.
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