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ABSTRACT
Cloud computing, fog resource optimization, and IoT data transfer are all used in this effort to
improve remote patient monitoring in healthcare systems that have a tight deadline. Low-latency
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communication, effective resource allocation, and scalable data storage are guaranteed by the
system, which connects IoT devices with cloud and fog infrastructures. Rapid medical responses
are made possible by this strategy, particularly in isolated locations. Prioritizing transmission time
reduction and energy efficiency enables real-time data processing, which is essential for prompt
decision-making and better healthcare delivery. The system's capacity to efficiently start required
medical actions is demonstrated by its remarkable 96% alert accuracy in real-time patient
monitoring. The study not only demonstrates how well IoT, fog, and cloud technologies can be
integrated, but it also analyzes different system configurations to assess performance, illuminating
how these technologies work in concert to provide dependable and effective remote healthcare
monitoring. By guaranteeing that patients receive precise and timely care regardless of their
location, this integrated solution significantly improves healthcare systems and promotes
improved health outcomes and more effective healthcare delivery.

Keywords: Cloud integration, Fog computing, IoT, Remote patient monitoring, Time-sensitive
healthcare, Energy efficiency, Scalability, and Data transmission.

1. INTRODUCTION

The use of Internet of Things (IoT) technologies in healthcare has been spurred by the rising
demand for healthcare services, especially in underdeveloped or rural locations. Wearable sensors,
health monitors, and diagnostic tools are examples of Internet of Things devices that offer real-
time data on a range of physiological characteristics, facilitating ongoing patient monitoring and
individualized treatment. Effectively managing this enormous data stream is still quite difficult,
particularly in healthcare scenarios when time is of the essence. Fog computing, cloud integration,
and loT data transmission are becoming crucial parts of contemporary healthcare systems in order
to solve this issue, allowing for better remote patient monitoring and prompt decision-making. [oT
data transmission is the process of sending data to processing systems from IoT-enabled devices,
like glucose sensors or heart rate monitors. These devices create enormous amounts of data, which
can overwhelm centralized servers and cause delays in data processing and decision-making. This
is especially problematic in cases involving urgent healthcare. By processing data closer to the
point of generation, such as at local edge nodes or devices, fog computing helps to address this
issue by lowering transmission delays and enabling speedier analysis and reaction times. The
efficiency of remote patient monitoring systems is greatly increased by placing fog nodes in key
areas, which makes real-time or near-real-time healthcare analytics possible.

Cloud integration provides nearly limitless computational power and storage capacity, which
complements fog computing's ability to analyze data more quickly by decentralizing computation.
Cloud systems do more sophisticated analytics and consolidate data from several sources, offering
insights that can enhance long-term patient care and management. Large datasets may also be
stored over time thanks to cloud computing, which makes it easier to identify trends, forecast future
health risks, and create thorough medical records. A hybrid architecture that balances
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computational loads, maximizes resource consumption, and guarantees scalable healthcare
services is produced by combining fog and cloud computing.

These three technologies—IoT, fog, and cloud—combine to create the foundation of time-
sensitive healthcare systems, where prompt, precise judgments are necessary to avert potentially
fatal situations. For example, real-time monitoring of ECG data sent by IoT devices can be
processed locally (at the edge) for the prompt diagnosis of heart attacks or arrhythmias in patients
with cardiovascular illness. The fog layer can instantly notify medical personnel of a critical
situation, allowing for prompt interventions. Cloud-based solutions, on the other hand, examine
the data in a more comprehensive manner and provide insights that can direct long-term treatment
programs and individualized care tactics. Fog resource optimization is one of the time-sensitive
systems. For the system to function at its best, fog resources (such processing power, storage, and
networking capabilities) must be allocated effectively, particularly when medical professionals are
attending to several patients at once. Fog resource optimization reduces the chance of bottlenecks
and guarantees low latency, both of which are critical in emergency medical situations.
To improve data processing and decision-making, Al-driven analytics can also be included into
cloud and fog systems. Healthcare practitioners can receive real-time warnings from machine
learning algorithms that evaluate data from IoT devices and identify irregularities. In order to
provide even more precise and individualized care, these algorithms can also be trained to forecast
probable health problems based on past data.

The main Objectives:

e Enhance [oT data transfer for effective, real-time patient tracking in medical systems.

e Fog computing at the network's edge to lower latency and facilitate quicker data
processing.

¢ Cloud integration to manage long-term health, analyze data, and store data scalability.

e Through smooth data flow, prompt decision-making, and actionable insights, remote
patient monitoring will be improved.

e The guarantee fog resource optimization for healthcare applications that are scalable,
effective, and low latency.

The development of cloud, edge, and fog computing paradigms is insightfully explained by Angel et al.
(2021), who pay special attention to the incorporation of machine learning (ML) to maximize Internet of
Things applications. A few research gaps are noted in the report, nevertheless, such as the requirement for
more investigation into scalable machine learning methods for edge and fog computing in vast, dispersed
networks. Furthermore, little research has been done on the difficulties associated with resource
management, security, and privacy in decentralized systems. Subsequent studies could examine how new
technologies like 5G affect edge computing, energy efficiency enhancements, and the ability to make
decisions in real time under changing circumstances.

2. LITERATURE SURVEY
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Mutlag et al. (2019) examined 99 research from 2007 to 2017 and present a comprehensive overview of
fog computing technologies in healthcare IoT systems. They emphasize the benefits of fog computing,
which are crucial for real-time healthcare applications and include low latency, scalability, distributed
processing, and anonymity. By classifying frameworks, models, systems, and surveys, the taxonomy
highlights fog's contribution to enhancing the functionality of healthcare [oT systems and promoting further
study.

Asif-Ur-Rahman et al. (2018) address QoS issues such responsiveness and complicated analytics by
proposing a five-layered heterogeneous mist, fog, and cloud-based framework for the Internet of Healthcare
Things (IoHT). Utilizing load balancing and software-defined networking, the architecture maximizes
resource use and allocation. Based on simulation results, next-generation e-healthcare systems function
better due to lower latency and packet losses.

Ghosh et al. (2019) present Mobi-loST, a mobility-aware cloud-fog-edge-IoT architecture. This
hierarchical design uses machine learning to process contextual information and spatiotemporal mobility
data in order to forecast the positions of agents in real time. Mobi-IoST improves QoS in mobility-driven
IoT systems by achieving 93% accuracy, reducing delay by 23—-26%, and reducing power consumption by
37-41%, according to the results.

Alabdulatif et al. (2019) present a safe Edge of Things (EoT) framework for intelligent healthcare that
protects data privacy by utilizing completely homomorphic encryption. At the edge, the architecture
facilitates scalable analysis of massive, diverse data by enabling distributed clustering and real-time
computing. A biosignal data case study illustrates how it enhances accuracy, processing speed, and response
times.

Shah and Bhat (2020) investigate CloudloT, which combines IoT and cloud computing to create scalable
healthcare solutions. CloudloT manages massive healthcare data and enables smooth device connectivity.
A conceptual architecture, security difficulties, mitigation measures, and accessible platforms are
discussed, with a focus on unresolved issues such as cloud infrastructure vulnerabilities that impede
widespread adoption and efficient deployment in smart healthcare systems.

Gia et al. (2019) investigate how new technologies are revolutionizing healthcare IoT (H-IoT). Real-time
processing, scalability, and flexibility are made possible by Al, fog/edge computing, big data, SDNs,
blockchain, IoNT, and tactile internet, which improve H-lIoT systems. The study looks at how these
developments would affect Medicine 4.0 and enhance Quality of Service (QoS).

The hybrid clustering approach proposed by Kadiyala (2019) combines DBSCAN, Fuzzy C-Means, and
Hybrid ABC-DE to enhance resource allocation and safe data transmission in fog computing settings. This
method improves the processing of loT data, scalability, and clustering efficiency.

Tortonesi et al. (2019) the SPF Fog-as-a-Service platform uses fog computing to handle the flood of IoT
data in smart cities. On heterogeneous devices, this novel, information-centric, utility-based service
paradigm enables self-adaptive, composition-friendly services. Enhancing resource management and
development ease in fog situations, SPF is excellent at processing location-aware, time-sensitive data while
striking a balance between speed and accuracy.

In order to improve loT data sharing, Kadiyala (2021) suggests a hybrid security model that combines
decentralized cultural co-evolutionary optimization, anisotropic random walks, and isogeny-based
cryptography. In decentralized Internet of Things contexts, this method enhances security, adaptability, and
performance.

Forooghifar et al. (2019) offer an [oT architecture for epilepsy monitoring that is resource-aware and self-
aware, dividing energy-intensive calculations among cloud, fog, and edge layers. Adapting machine
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learning tasks dynamically optimizes performance, latency, and energy usage. Utilizing a case study on
epileptic seizure detection, this framework extends battery life and dependability while improving wearable
device efficiency.
Grandhi (2021) suggests enhancing water level monitoring systems by combining Internet of Things (IoT)-
based Fiber Bragg Grating (FBG) optical fiber sensor networks with Human-Machine Interface (HMI)
display modules. This technology enhances predictive analytics, accuracy, and real-time data visualization
for flood protection and environmental management.
Kadiyala (2020) suggests a hybrid cryptographic key generation technique that combines Gaussian Walk
Group Search Optimisation (GWGSO), Multi-Swarm Adaptive Differential Evolution (MSADE), and
Super Singular Elliptic Curve Isogeny Cryptography (SSEIC) to improve the security and effectiveness of
IoT data exchange. The paper emphasizes the model's enhanced scalability, immunity to quantum attacks,
and encryption performance.
Alam et al. (2018) offer a thorough analysis of loT-based personalized healthcare applications,
emphasizing the vital role that communication technologies play in these applications. In this study, current
and new technologies are discussed together with the short- and long-range communication needs for IoT
healthcare systems. In order to achieve effective, end-to-end loT healthcare solutions, it draws attention to
the open research areas and technical difficulties.
Mahmud et al. (2019) present a context-aware application placement policy to improve Industry 4.0 apps'
service delivery. The policy minimizes service latency, enhances network management, and maximizes
processing overhead by matching IoT device contexts with Fog node capacity. According to the results,
performance in both simulated and real-world scenarios is 16% better than with current policies.
Kethu (2020) emphasizes how incorporating Al, IoT, CRM, and cloud computing into banking
applications enhances operational efficiency, accuracy, and customer happiness while lowering
response times and transaction costs. Future technical developments in the banking industry are
made possible by this integrated framework.

For cloud-based healthcare systems, Devarajan (2020) suggests a security management paradigm
that addresses security threats via risk assessment, encryption, authentication, and ongoing
monitoring. The study emphasizes how multi-factor authentication and blockchain can be
combined to improve data security, confidentiality, and regulatory compliance.

Abdulkareem et al. (2019) examine how machine learning (ML) may be integrated into fog
computing and how it can improve applications such as latency reduction, resource management,
and security. The study addresses machine learning's applications in edge computing and
emphasizes how it might enhance fog services. In this developing field, it also discusses
difficulties, unresolved problems, and potential avenues for further study.

Natarajan (2018) suggests a hybrid model that combines Radial Basis Function Networks,
Genetic Algorithms, and Particle Swarm Optimization to improve real-time disease diagnosis in
IoT-enabled healthcare systems. In cloud-based architectures, the model enhances the diagnosis
of chronic illnesses by increasing accuracy, sensitivity, and processing efficiency.
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Humayun et al. (2020) 5G-enabled Industrial [oT provides an architecture that takes privacy and
energy efficiency into account. The study highlights the issues with energy consumption that large-
scale IIoT devices present, in addition to addressing privacy concerns about data, identity, and
location. The framework's primary objectives are to improve privacy and maximize energy
resources through case studies and quantitative modeling.

In order to improve real-time decision-making in IoT systems, Chauhan et al. (2021) suggest a
Smart IoT Analytics platform that combines Self-Organizing Maps with Device Management
Platforms. For the best resource management, this method enhances anomaly detection, scalability,
and data processing.

Budda (2021) suggests a comprehensive framework that uses Al, Big Data Mining, and [oT to
improve patient-centered care, resource utilization, and predictive analytics throughout the
healthcare system. The effectiveness of the framework in maximizing operational efficiency and
providing long-term healthcare solutions is highlighted in the study.

Angel et al. (2021) talk on how cloud, edge, and fog computing paradigms have changed over
time, highlighting how they can help overcome cloud computing's drawbacks for Internet of
Things applications. Machine learning (ML) at the network edge contributes to improved security,
energy efficiency, and latency reduction. The study emphasizes significant developments,
difficulties, and potential avenues for further study in this area, with an emphasis on improving
security, speed, accuracy, and storage while using little power.

3. METHODOLOGY

By utilizing cloud integration, fog resource optimization, and IoT data transfer, this study seeks to
improve remote patient monitoring for time-sensitive healthcare systems. Through effective real-
time data processing and decision-making, the methodology suggests that IoT devices can be
seamlessly integrated with cloud and fog infrastructures. Low-latency communication, effective
resource use, and scalable data storage are made possible by this combination, which helps ensure
prompt medical responses. The objective is to provide optimal care delivery by giving patients,
especially those in remote places, accurate and timely healthcare services.

3.1 IoT Data Transmission

Patients' health data is gathered by loT devices and sent to nearby processing centers for analysis.
For reliable and timely delivery, data transmission depends on effective communication protocols
like MQTT, CoAP, or HTTP. In order to guarantee that the data is provided with the least amount
of delay possible for real-time monitoring and decision-making, the methodology focuses on
optimizing the energy usage and transmission time. Let Ti,,smic b€ the time taken for data
transmission, and E\,,qmic b€ the energy consumed. The relationship can be described as:
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Tiransmit = T (D)

QU

Where d is the data size and r is the transmission rate.
Energy consumption is given by:

Etransmit =P transmit X Ttransmit (2)

Where P psmic 1S the power used during transmission.
3.2 Fog Resource Optimization

By lessening the strain on centralized cloud infrastructure, fog computing maximizes data
processing. Latency is reduced by allocating computational activities closer to the data source.
This can improve response times for crucial problems in the medical field. Fog resources are
allocated dynamically based on patient data volume, processing power, and required response time
to ensure efficient operation and scalability. Let Ty, 4 be the task processing time in fog computing

and Ry, 4 be the resource allocation rate. The optimization model can be expressed as:

c
Tfog = Rt;:: (3)

Where Ciq5 1s the computational complexity of the task.
3.3 Cloud Integration

Cloud integration provides scalable storage and computational capabilities, allowing large datasets
from patient monitoring systems to be processed and stored efficiently. By offloading
computationally intensive tasks to the cloud, healthcare systems can focus on real-time monitoring.
Integration strategies involve hybrid cloud architectures, ensuring seamless data transfer between
fog nodes and centralized cloud servers while maintaining security and privacy. Let T4 be the
cloud processing time and C,,q the cloud capacity. The cloud computation time can be described
as:

D ata
Tcloud = 8 (4)

Celoud

Where Dy, is the data volume sent for processing.
3.4 Remote Patient Monitoring

IoT devices are used in remote patient monitoring to record vital signs and transmit the information
to medical professionals for evaluation. This makes it possible to act quickly in the event of serious
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health problems. The approach suggests a feedback loop in which data is continuously tracked,
examined in real time, and contrasted with predetermined criteria to guarantee prompt medical
intervention when required. Let T,onior b€ the monitoring time and Sy.q0q the set health
threshold. The monitoring process can be modeled by:

Tmonitor = Z?:l IF (Spatienti = Sthreshold) (5)
Where Spaient i is the patient's health status.

Algorithm 1: IoT Data Transmission, Fog Resource Optimization, and Cloud Integration
for Remote Patient Monitoring.

INPUT: Patient health data Dy,icn( , Available fog resources Ry, g, Cloud resources Cejoyq »
Health thresholds Siyreshold

OUTPUT: Timely patient monitoring updates, Efficient resource allocation in fog and cloud
BEGIN
For each patient in D_{patient}:
/I Step 1: IoT Data Transmission
Tiransmit=d / 1
Etransmit = Prransmit * Tiransmit
IF (Tyansmit > Max_acceptable delay) then
ERROR: Delay too high
RETURN
END IF
// Step 2: Fog Resource Optimization
FOR EACH fog node:
Troqg = C_task/ Rgoq

IF (Tro4 > Max_fog_processing_time) then
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ERROR: Fog resource overload
RETURN
END IF
END FOR
// Step 3: Cloud Integration
Teioud = Ddata / Cetond
IF (T, ouq > Max_cloud processing_time) then
ERROR: Cloud overload
RETURN
END IF
// Step 4: Remote Patient Monitoring
FOR EACH patient iin D_{patient}:

IF (Spatient i>: Sthreshold ) then

Trigger alert for patient i

ELSE IF (Spatient i< Sthreshold) then

Continue monitoring
END IF
END FOR
END FOR
// Final outcome: Data is processed, and alerts are triggered as necessary.
RETURN

END
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Algorithm 1 Patient data, fog resources, cloud resources, and health thresholds are the first inputs
the system receives. [oT devices then communicate the data; an error is raised if the transmission
time goes beyond acceptable bounds. Each fog node processes the data in the following step
according to the resources that are available; if the processing time of a fog node surpasses the
limit, an error occurs. An error is raised if the cloud's capacity is exceeded after the data has been
delivered there for additional processing. The system determines whether the patient's health status
surpasses predetermined thresholds for remote patient monitoring. An alert is set off if it does; if
not, the system keeps watching. The system shuts down after processing the data and sending out
the required alert.

Data Acquisition Fog Computing Cloud Integration
-Sensor -Data Processing Centralized
-Real-Time Patient Data - Filtering -wentralize

optimization -Machine Iaearmng
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\ @3/
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Metrics Security & Privacy Remote Patient
Monitoring
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-Detection “*—] Robust Encryption) -Health Data =%
-Access Control Rl -Patient Data Rl
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- Transmission & -Electronic Medical
Storage @ Records

Figure 1: Integrated Framework for Secure and Efficient Remote Patient Monitoring
Using Fog and Cloud Computing

Figure 1 shows an integrated framework for remote patient monitoring that processes real-time
health data by integrating cloud integration, fog computing, and data collecting. The fog layer
processes the patient data collected by sensors for resource optimization and filtering. Cloud-based
machine learning decision-making is available. Accuracy, detection, and analysis metrics provide
effective patient monitoring through health data and electronic medical records, while security and
privacy measures like encryption and access control guarantee data protection.
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3.5 Performance Metrics

A number of important factors are the focus of the performance measurements for time-sensitive
healthcare systems that use cloud integration, fog resource optimization, and IoT data transmission
to improve remote patient monitoring. These include system reliability, which guarantees
continuous functioning in dynamic conditions, and data latency, which quantifies the time required
for sensor data to be transferred and processed. Scalability is essential for assessing how well a
system adjusts to growing user and data loads. Since resource management on fog nodes can lower
power usage, energy efficiency is still another crucial parameter. Furthermore, system throughput
gauges the amount of data processed effectively, while security and privacy metrics evaluate how
well patient data is safeguarded.

Table 1: Performance Metrics for IoT-Integrated Healthcare Systems in Time-Ceritical
Remote Patient Monitoring.

Performance IoT Data Resource Cloud Combined
Metric Transmission Optimization Integration Method
Transmission 1.2 0.8 2.5 0.5
Time (T _trans-
mit)
Energy 2.5 1.8 3.0 1.2
Consumption

(E_trans-mit)

Fog Processing 0.3 0.25 0.4 0.2
Time (T _fog)

Cloud 5.0 4.0 6.5 4.8
Processing Time
(T _cloud)
Data Throughput 25 50 100 200
(Mbps)
Alert Accuracy 95 90 92 96
(%)
Scalability (%) 85 90 75 80
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For remote patient monitoring systems, Table 1 contrasts the performance metrics of cloud
integration, fog resource optimization, [oT data transmission, and their combined strategy. Data
throughput, alert accuracy, transmission time, energy consumption, processing times for fog and
cloud, and scalability across different optimization techniques are important criteria. In order to
provide effective and scalable remote patient monitoring, the Combined Approach makes use of
the advantages of all three technologies. It achieves superior performance in all metrics, including

faster transmission (0.5 sec), lower energy consumption (1.2 J), and increased data throughput
(200 Mbps).

4. RESULT AND DISCUSSION

In terms of transmission time, energy usage, and overall efficiency, the suggested IoT, fog, and
cloud-integrated healthcare system performs noticeably better than conventional systems. The
model processes patient data with reduced latency by optimizing fog resources, guaranteeing
prompt treatments. Better health management results from the integration of cloud resources,
which improves advanced analytics and long-term data storage. In crucial healthcare scenarios,
the suggested model significantly outperforms current systems in terms of scalability, managing
large data volumes while consuming the least amount of energy. When it comes to real-time remote
patient monitoring, this [oT, fog, and cloud technology combination performs exceptionally well,
cutting down on delays and improving patient care.

Table 2: Performance Comparison of loT-Integrated Healthcare Systems.

Author(s)
&
Methodo-

logy

Transmission
Time (sec)

Energy
Consum-
ption (J)

Fog
Processing
Time (sec)

Cloud
Processing
Time (sec)

Alert
Accuracy
(%)

Scalability
(%)

Asif-Ur-
Rahman et
al. (2018) —

IoHT

0.8

1.8

0.25

4.0

88

70

Ghosh et al.
(2019) —
Cloud-Fog-
IoT

2.5

3.0

0.4

6.5

93

80
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Alam et al. 1.5 2.0 0.5 52 91 75
(2018) —
Personalized
IoT

Shah & 1.0 2.3 0.35 5.8 95 90
Bhat (2020)
— CloudloT

Proposed 0.5 1.2 0.2 4.8 96 95
Model —
[oT, Fog &
Cloud

Table 2 contrasts various loT-enabled healthcare systems according to important parameters such
as scalability, alert accuracy, transmission time, energy usage, fog processing time, and cloud
processing time. The IoHT model put forth by Asif-Ur-Rahman et al. (2018) has a short
transmission time but somewhat limited scalability. Cloud-Fog-loT, which provides superior
warning accuracy but uses more energy, is the subject of Ghosh et al. (2019). Alam et al. (2018)
offer a well-rounded presentation of personalized IoT. CloudloT is provided by Shah & Bhat
(2020), who excel at alert accuracy. The best performance is provided by the suggested IoT, fog,
and cloud model in every statistic.
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Figure 2: Comparison of IoT Healthcare Models' Performance in Terms of Scalability and
Alert Accuracy.

Figure 2 compares the scalability and alert accuracy of various IoT healthcare models. The alert
accuracy percentage is shown by the blue bars, while the scalability percentage is shown by the
red bars. As demonstrated, the IoT, Fog & Cloud paradigm performs better than any other model
in terms of scalability (95%) and alert accuracy (96%). The IoHT model, on the other hand, has
the lowest scalability (70%) even if its warning accuracy is excellent (88%). The Cloud-Fog-IoT
model demonstrates a strong mix between scalability (80%) and alert accuracy (93%). All things
considered, the suggested IoT, fog, and cloud solution performs exceptionally well in both
domains.

Table 3: Ablation Study: Evaluating the Impact of Different Components on Remote
Patient Monitoring Performance.
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System Trans- Energy Fog Cloud Alert Scalability
Configu- mission | Consumption | Processing | Processing | Accuracy (%)
ration Time @) Time (sec) | Time (sec) (%)
(sec)
Only IoT 1.8 2.3 0.6 5.5 88 70
Data
Transmission
Only Fog 1.4 2.1 0.4 5.0 91 75
Resource
Optimization
Only Cloud 2.1 2.8 0.5 6.2 93 80
Integration
IoT + Fog 1.2 2.0 0.3 4.8 94 85
IoT + Cloud 1.3 2.1 0.4 5.0 95 90
Fog + Cloud 1.0 1.9 0.3 4.5 96 92
IoT + Fog + 0.5 1.2 0.2 4.8 96 95
Cloud
(Proposed
Model)

Table 3 contrasts several [oT, fog, and cloud-based healthcare system configurations according to
performance criteria such energy consumption, transmission time, processing time for fog and
cloud, alert accuracy, and scalability. Both alert accuracy and scalability are lowest with the "Only
IoT Data Transmission" mode. With "loT + Fog + Cloud (Proposed Model)" attaining the best
results (96% alert accuracy and 95% scalability), the combination of fog and cloud resources
demonstrates appreciable gains in alert accuracy and scalability. According to the findings,
integrating these technologies increases system performance overall, gains efficiency, and cuts
down on processing time.
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Figure 3: Comparison of IoT, Fog, and Cloud-Integrated Healthcare Systems Based on
Alert Accuracy and Scalability.

Figure 3 comparison of alert scalability and accuracy for various system setups is shown visually in the bar
chart. Scalability is represented by red bars, and alert accuracy is represented by blue bars. The setups range
from straightforward options like "Only [oT Data Transmission" to more complex models like "IoT + Fog
+ Cloud" and the suggested "loT + Fog + Cloud" system. As demonstrated, the best alert accuracy (96%)
and scalability (95%), respectively, are obtained by combining IoT, fog, and cloud resources. The
advantages of merging these technologies are shown by other models, which clearly demonstrate an
increase in performance as more resources (fog and cloud) are combined.
5. CONCLUSION
The integration of cloud, fog computing, and loT technologies greatly improves remote patient monitoring
for time-sensitive healthcare systems, as this study shows. By integrating cloud computing and improving
fog resource allocation, the suggested model ensures prompt medical responses by lowering latency, energy
consumption, and processing data in real-time. With important performance indicators including 96% alert
accuracy, 95% scalability, and increased data throughput, the model performs better than previous systems
and offers a complete solution for remote healthcare. When loT, fog, and cloud are used together, the system
can process massive amounts of patient data quickly, which is essential for enhancing patient outcomes in
urgent medical situations.
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