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Abstract:

Fog computing, a new computing paradigm that has
gained popularity, brings calculations closer to data
sources from healthcare facilities. The healthcare indus-
try is the driving force behind the growth of Internet of
Things (loT)- driven Fog computing, which improves net-
work performance and efficiency, particularly in the safe
and effective aggregation and transmission of healthcare
data. This requires optimizing resource allocation and
addressing overflow issues. This study introduces a novel
approach that combines Task Group Aggregation (TGA)
with a Recurrent Neural Network (RNN) to assess Quality
of Service (QoS) characteristics and detect overloaded
servers. The TGA method is utilized to effectively man-
age data movement to Virtual Machines (VMs), thereby
alleviating congestion and improving system stability.
Furthermore, it utilizes the Chaotic Fruit Fly Optimiza-
tion Algorithm (CFOA), a neural computing system, to
optimize service and user separation based on individual
characteristics in the context of secure healthcare data
aggregation and transmission within loT networks. The
integration of TGA with CFF enhances the detection of
overflow problems within the RNN framework, enabling
proactive management of resource allocation. The pro-
posed work is evaluated by using the Java programming
language, and the results demonstrate the effectiveness
of the Fog computing overflow control model in miti-
gating congestion and optimizing resource scheduling,
thereby facilitating the efficient and secure aggregation
and transmission of healthcare data within loT networks.

Keywords: Fog Computing, Internet of Things, Task
Group Aggregation, Recurrent Neural Network, Chaotic
Fruit Fly Optimization Algorithm.

1. Introduction

The emergence of [oT technologies is attributed to
the increasing number of user devices and the expan-
sion of distributed processing capabilities [1]. The IoT
is a contemporary technology that has broad appli-
cations across many industries, including healthcare
[2]. The entire healthcare industry’s adoption of this
technology holds promise, as it enables hospitals to
operate more efficiently and provides patients with
access to better care [3, 4]. While other features are
still crucial for the healthcare industry, remote patient
monitoring is one of the main applications of Health-
care [oT (HIoT) that preserves money and millions

of lives. To protect patient privacy, provide effective
treatment, and ensure patient safety and confiden-
tiality, safeguards for HloT systems are critical [5,
6]. Healthcare is undergoing a digital transformation
because of Cloud IoT and the ability of Cloud Comput-
ing (CC) to access data from anywhere at any time, and
data in IoT is also expanding at an exponential rate [7,
8]. The cloud will face tremendous computing demand
if all this traffic is transferred there [9]. Fog computing
has therefore emerged to do three things: (i) utilize
the idle resources of [oT devices; (ii) decrease network
flow in cloud centers, and (iii) shorten job delays. Fog
networks have been used extensively thus far in areas
such as industrial automation, smart cities, smart
buildings, and the Internet of cars [10-12]. Thus, inte-
grating deep neural networks with [oT devices results
in a new generation of apps that are able to sup-
port a whole new level of interaction between people
and their physical environment through sophisticated
sensing and understanding activities [13,14]. One par-
ticular kind of neural network that is useful for pro-
cessing sequential data is the RNN, which improves
the understanding and representation of input data
by capturing contextual information [15]. Using past
data and learning patterns, the RNN method calcu-
lates the QoS for all services depending on several
traffic loads, network topology, and connected devices
[16]. In cloud-fog computing frameworks, an artificial
ecosystem-based optimization is created as an alter-
native job scheduling model to enhance the QoS for
IoT. It has demonstrated itself to be the most suc-
cessful and effective technique for solving cloud-fog
TS optimization problems, yielding the best results. It
needs to be expanded to address other goals relevant
to cloud-fog environments, such as energy usage and
financial expenditures, to facilitate the scheduling of
IoT tasks [17, 18]. A multi-objective Gray Wolf Opti-
mization approach is presented in [19] for the bet-
ter management of Fog computing service scheduling
and activation. The scheduling problem is the primary
application of this method. Unfortunately, to function
as abalancing agent, it also needs to employ a different
algorithm. Specifically, this approach is used to over-
see and handle activations. The multi-objective opti-
mization method MOCSA, related to the cuckoo search
meta-heuristic algorithm, was expanded to address
the combinatorial optimization problem. When com-
pared to other state-of-the-art approaches in terms of
objective functions, it exhibits a noticeable advantage
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nest [20]. An enhanced Harris Hawks Optimization
(HHO) algorithm for scheduling scientific workflows
has been presented. This approach is linked to a dis-
crete opposition, known as DO-HHO. It outperforms
state-of-the-art efforts in reducing offloaded jobs on
CC, lost deadlines, and SLA violations. The DO-HHO
algorithm has to be expanded upon and its efficacy
assessed for more scheduling difficulties [21, 22].

A Whale Optimized Resource Allocation (WORA)
method was developed in [23]; it utilizes less energy
and achieves better results in terms of make span
and the task’s successful completion ratio. It is neces-
sary to consider certain measures, such as throughput
and delay rate, when assessing the algorithm'’s per-
formance. Increasing a task’s processing speed also
means using more energy; therefore, look for ways to
do jobs quickly while using the least amount of energy.
Consequently, a Lyapunov framework-based heuristic
Particle swarm optimization algorithm was presented
(LPSO). A balance is struck among the energy used
by IoT nodes for processing, transmission energy,
and Fog node computing energy, ensuring that jobs
are completed with the least amount of energy con-
sumption possible, as task time and queue stability
are ensured. Because it consumes less energy than
the other methods, the number of tasks completed
was somewhat fewer [24]. A method for Lyapunov
optimization that functions with limited buffers with-
out compromising asymptotic optimality was pro-
posed in [25]. It achieves asymptotically decreased
time-average cost and boosts throughput. However,
because of the small buffers of real-world IoT devices,
the problem of interest was not directly addressed
by Lyapunov optimization. Multireplicas Pareto ant
colony optimization (MRPACO), a solution related
to ant colony optimization, was presented in [26].
MRPACO worked well and appears to be dependable
in reaching convergence and widespread solutions.
Notably, additional points obtained using the base-
line approaches predominate over a small number of
points obtained using MRPACO. To cluster over health-
care IoT datasets, a Chaotic Biogeography-Based Opti-
mization technique employing Information Entropy
(CBO-IE) is used. The BO technique yields effective
results for numerical optimization and is ideally suited
for exploring and exploiting large search spaces. How-
ever, the data clustering technique and numerical
optimization differ somewhat [27]. The Cascaded long
short-term memory (CSO-CLSTM) method, which is
related to the Crow Search Optimization algorithm, is
employed by [28] to diagnose diseases. Smart health-
care systems use the CSO-LSTM model as a suitable
illness diagnosis tool. Some of the shortcomings of
the CSO include its high likelihood of getting stuck in
local optima and its slow search precision. Therefore,
it was solved by optimizing service and user separa-
tion based on individual features within the context
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Figure 1. Block diagram of proposed method

of safe healthcare data aggregation and transmission
within IoT networks using the CFOA, a neural comput-
ing system. This paper proposes a unique method to
detect overloaded servers and evaluate QoS features
by combining an RNN with TGA. By efficiently manag-
ing data migration to VMs, the TGA approach reduces
congestion and enhances system stability. The main
influences that shaped this investigation are as fol-
lows:

- By combining TGA and CFF, overflow issues within
the RNN framework are detected more effectively,
allowing for proactive resource allocation manage-
ment.

- To evaluate the quality of service attributes and
identify overloaded servers, it combines TGA with
an RNN.

- The efficacy of the proposed overflow control
approach for Fog computing in reducing congestion
and streamlining resource scheduling, which makes
it easier to aggregate and transmit medical data
securely and effectively over IoT networks.

2. Proposed Methodology

The combination of IoT has produced significant
insights, cost-effectiveness, and productivity, all of
which have had an impact on quality of life. IoT is
being used in healthcare to improve patient monitor-
ing, reduce expenditure, and promote innovation in
patient care. Due to the large volume of data gathered,
it will be stored in the cloud for testing and decision-
making purposes. The primary cause of Fog comput-
ing’s rise is the CC scenario’s high time-delay prob-
lem, which persists despite its numerous advantages.
Fog computing is therefore ideal for applications that
require rapid or real-time responses, particularly in
the healthcare industry.

The input data is obtained from a data source
and an IoT device used for monitoring purposes in
healthcare. The fog computing environment consists
of TGA and RNN methods used to assess QoS charac-
teristics and detect overloaded servers. To efficiently
manage data migration to VMs, reduce congestion,
and enhance system stability, the TGA approach is
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utilized. Furthermore, the CFOA is a neural comput-
ing system designed to maximize service and user
separation based on unique attributes in the context
of safe healthcare data transfer and aggregation over
IoT networks. The proactive control of resource allo-
cation made possible by the integration of TGA and
CFF improves the detection of overflow issues within
the RNN architecture. The efficiency of the Fog com-
puting overflow management model reduces conges-
tion. It enhances resource scheduling, making it easier
for healthcare data to be aggregated and transmitted
securely and effectively over [oT networks.

2.1. Health Care loT

Health care is the act of receiving essential medical
treatment to enhance one’s well-being. Issues with
traditional IT healthcare systems include expense,
location, ongoing surveillance, apps, administrative
work, processing lags, and accuracy. Various IT infras-
tructures have been used to implement numerous
healthcare applications. For non-invasive healthcare,
the current IT and healthcare solutions perform
admirably. Medical devices that are installed on the
body and continuously generate data relevant to organ
health are used in non-invasive applications. The
devices employ various processing and interpreta-
tion techniques to collect and analyze this data, and
then take appropriate action to maintain the patient’s
health. However, several vital health applications,
such as electrocardiography, electromyography, blood
pressure monitoring, glucose level sensing, oxygen
sensing, rehabilitation, blood temperature, and med-
ication, require parametric information. IT support
systems will assist in making health-related decisions
based on the data that has been recorded. However,
if decisions on such vital medical care are postponed
in any way, it leads to disastrous outcomes. QoS is
affected if healthcare systems, when implemented, are
not responding promptly. The purpose is to raise the
present [T-related health care application using a QoS
method.

The combination of the words “Internet” and
“things” has greatly advanced the field of ICT. This is a
paradigm in which every device is internet-connected
and has its own identity and address. It is a global net-
work of interconnected devices used to refer to, pro-
cess, store, and transmit environmental information.
It appears that distinct viewpoints have converged as
IoT is applied in various industries, with application
scenarios including healthcare, personal and social,
smart environments, logistics, and transportation. [oT
in the healthcare industry can track items and people,
recognize and authenticate individuals, and gather
data spontaneously by detecting surroundings. Addi-
tionally, 10T devices can interact in diverse environ-
ments through various wired and wireless protocols.
As CC processes enormous volumes of data, it results
in significant end-to-end delays and issues with net-
work utilization. IoT-based healthcare solutions con-
tinue to face challenges with security and efficiency.
By offering processing and storage capacities at the

network’s edge, fog computing is designed to handle
the issues associated with CC.

2.2. Fog Computing in Healthcare

Fogis a distributed computing environment where
applications and data are disseminate between mul-
tiple data sources and the cloud. A decentralized
method called fog computing processes data nearer
to the edge devices. Fog computing also helps with
security because it divides the bandwidth flow and
provides more firewalls to a network for added protec-
tion. All applications are still able to utilize CC, but fog
computing will surely reduce cloud traffic to a greater
extent. Furthermore, CC remains the only method
available for saving and retrieving historical data. The
amount and diversity of stream data have increased to
previously unheard-of levels in recent years because
of the rapid growth of [oT. IoT is a broad and adaptable
network architecture that links objects with unique
identities to provide a multitude of innovative appli-
cation services. Even though IoT offers improved ser-
vices, its limited processing and storage capacity pre-
vent it from handling and saving the huge volume of
data. The nuisance of IoT is eliminated by CC technol-
ogy, which provides virtual resources on a pay-as-you-
go basis. It provides countless processing and storage
capacity options. Although numerous CC resources,
services, and apps are available, latency issues hinder
the complete utilization of some of these resources.
Due to the rapid increase in internet-coupled smart
devices and the volume of service demands, the net-
work capacity is significantly stressed, and the QoS
is decreased. Implementing low-latency apps is hin-
dered by the large network latency between smart
devices and the cloud. The most promising approach
is fog computing, which offers CC benefits and greatly
lowers latency by expanding cloud services to the net-
work edge. In addition to facilitating the generation
of new information and analyzing data from streams
generated by clever IoT devices, it offers dispersed
services. The purposes of fog computing are especially
well-suited to applications for extensive health moni-
toring. The 1oT is essential for consistently monitor-
ing hospitalized patients’ physiological states with-
out requiring active caregiver participation. Wireless
Body Area Networks (WBAN), the major IoT technol-
ogy used in healthcare, primarily rely on applications
for healthcare monitoring. Electromyography, Electro-
cardiography, glucose level sensing, blood pressure
monitoring, oxygen sensing, rehabilitation, blood tem-
perature measurement, and medication administra-
tion are among the physiological data that WBAN
assists in the efficient and inconspicuous collection of.
The prior research endeavour leverages CC technol-
ogy for 1oT devices to effectively facilitate the perva-
sive applications of healthcare.

The conventional Fog Computing methods
focus on various application scenarios to offer
multiple options for reducing service latency. These
approaches are still in their infancy, though, as they
aim to offer ubiquitous healthcare computing services
in the real world. To provide a smart fog gateway
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and maximize cloud resources for HIoT inquiries,
this strategy focuses on offering decision-making
and smart partitioning using linear decision trees
in fog scenarios. It strives to improve resource use
and reduce response latency while delivering the
service to healthcare applications, as specified by
SLAs. The best layer of the IoT is CC, which is a
paradigm for hosting services online. Fog computing
resources are positioned at the top of the devices.
The fundamental requirements of fog computing
is effective resource management, which supports
the provision of high-quality 10T services. In this
case, security for IoT devices is instead provided
by a Fog node, which handles these cryptographic
operations. Fog processing and storing occur closer
to the data source at the edge of the network, which

LOCAL DATA
CENTER

PATIENT MEDICAL
HISTORY

is important for real-time control. Fog acts as a bridge
between a distant server and computer hardware. It
determines what data was processed locally and what
will be forwarded to the server. Fog functions as an
intelligent gateway that eliminates clouds, facilitating
more effective data processing, analysis, and storage.
The fog computing architecture is depicted in Fig. 3,
where IoT devices are situated in the bottom layer,
and Fog computing expands the system’s efficiency
and is also used to confirm increased security. For
resource optimization, Fog computing combines TGA
with an RNN to assess QoS characteristics and detect
overloaded servers.

2.3. TGA with RNN

The integration of TGA with RNN evaluates QoS
characteristics and identifies overloaded servers. In
order to efficiently manage data migration to VMs,
reduce congestion, and enhance system stability, the
TGA approach is employed. Algorithm 1 depicts the
TGA algorithm.

A type of deep learning technique is the RNN,
which is used to minimize the traffic flow in the net-
work. LSTM networks are a type of RNN, and the
three gates of an LSTM network are the input, forget,
and output gates, which enable it to recall past data
and make it an excellent choice for handling time-
series data. LSTM networks are examples of recurrent
neural networks. Fig. 4 depicts the baseline model
architecture. The input layer, the hidden layer (LSTM
& hidden layer (Dense) and the output layer make up
the three layers of the LSTM model. The three neurons
in this work are represented by the vectors x,y and
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Algorithm 1: TGA Algorithm

Input : U > Number users
C - Number of servers
Output : AS - List of Allocated server

Start

Define RTF = [sCPUsMemsBW] //Assign the RTF

(Resource Threshold Factor) using the basic

parameters of servers like their CPU,RAM and bandwidth

ForeachU
Timint = random//Requests at Time Interval

DemR = max ([uCPUuMemuBWY]) // User demand for resources
UtilRate = DemR X TimInt// Resource Utilization Rate

If max (UtilRate) < max?(RTF)
AvgPTimeSer (i) = DemR(i)/(1—

UtilRate (i) AvgPTimeAllSeri (i) = (AvgPTimeSer (i) X TimInt (i))/TimInt (i))

AS — LIST = ceil(cserver X rand)
End — If
End — For

Return : AS — LIST as a list of allocated servers

End — Algorithm
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Figure 4. LSTM model

z. The input layer in this work receives the raw data.
This output layer is transferred onto the succeeding
hidden layers, which consist of the dense layer with
30 neurons and the first LSTM layer with 30 neurons.
Lastly, the 2-node output layer computes the class
label in probabilities using the softmax function. Since
the LSTM model is typically trained using the well-
known backpropagation algorithm, its performance is
greatly influenced by the number of time steps (n)
utilized during model training. For example, the model
won't be able to capture the entire range of the activ-
ity if it was trained using a tiny number of steps in
the past. Conversely, if the method is trained with

numerous time steps, alarge amount of irrelevant data
is considered. The LSTM model’s individual cell activ-
ities are explained by equations (1) through (5). More
precisely, vectors and matrices are represented by the
following input variables: x;, h;_1 and c;_;. The input
and recurrent connections are denoted by W, and U,
weights, respectively. Furthermore, these matrices g
have an index that corresponds to the forget gate (f),
input gate (i), output gate (o), or memory cell (¢).

ft = gg(foi + Ufht—l + bf) (1)
i = 0g(Wixy + Uihe_1 + by) (2)
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0¢ = 0y Woxe + Uphi—q + by) (3)
¢¢ = froce—1 +itoo.(Wexe + Uchy_q + be) (4)
he = otoop(ct) (5)

In this case, C, = 0 and h, = 0 are the beginning
values. The operator refers to the Hadamard product,
and the time step is represented by the index t. More-
over, the functions represented by the values of ag,
o, and oy, are the sigmoid, hyperbolic, and hyperbolic
tangent functions. Along with TGA and RNN, the CFOA
is utilized to solve issues or enhance existing solutions.

2.4. Chaotic Fruit Fly Optimization Algorithm for Opti-
mization Purposes

The CFOA enhances the Fruit Fly Optimization
Algorithm (FOA) by interpolating the new parame-
ter joined with chaos, and it has an extremely quick
convergence rate. FOA with a Chaotic map indicates
ascendancy in terms of reliability of global optimality
and algorithm success rate.

1) Basic fruit fly optimization Algorithm

FOA is anew metaheuristic method inspired by the
behavior of fruit flies, designed to solve optimization
problems and find global optima. The character of fruit
flies in the wild served as the model for the fruit fly
optimization algorithm. When compared to other sim-
ilar species, fruit flies are superior, particularly when
it comes to employing their olfactory and eyesight
traits to find food. An individual is looking for and dis-
covering food sources near the fruit fly swarm during
the scent foraging phase. The fragrance concentration
that matches the fitness value for each food source
is next assessed. The swarm is steered towards the
greatest smell concentration value assigned during
the vision foraging phase. Fig. 5 depicts the fruit fly’s
foraging behavior.

There are six distinct steps that make up FOA,
and they are as follows: (i) establish the size of the
population and the maximum number of iterations;
(ii) use Eq. (6) to randomly establish the location of
the fruit fly swarm;

8; = lower_bound + (upper_bound — lower_bound)
x rand() (6)

(iii) Utilize Equation 7 to randomly produce several
fruit flies near the fruit fly swarm in order to build a

population;
xij =06 trand(), j=1,..,n (7)

(iv) assess the total population of fruit flies to deter-
mine the smell concentration value of each individual
in the swarm; (v) identify the fruit fly with the highest
smell concentration and then use the vision search
process to guide the swarm to find this best individ-
ual; and lastly (vi) complete the algorithm if several
generations is arrived, or proceed to step (iii) else.
The factors x;; and §; affect the olfaction and
vision search stages, and are responsible for produc-
ing food sources. The final algorithm answer is deter-
mined by the significant way in which they are cal-
culated. Several studies have demonstrated that the
use of non-standard distributions (such as the Gauss
or uniform distributions) improves the performance
of random-based optimization techniques. Further-
more, the periodicity and non-repetition of chaos can
compel an algorithm to run its overall searches more
quickly. These are the primary drivers behind the
creation of enhanced FOA, which are discussed next.
However, this approach has drawbacks such as a poor
global optimization capability and produces popula-
tion individuals in an unduly simplistic manner. An
algorithm for CFOA is proposed to address this issue.

2) Chaotic fruit fly optimization Algorithm
This part introduces a new parameter boosted by

chaos to present a novel FOA. The CFOA is explained
in the following manner.

2.1) Algorithm Initialization

The initial location of the swarm significantly influ-
enced rapid convergence and the ultimate result.
CFOA selects the optimal randomly generated solu-
tion from PS to determine the initial position of the
fruit fly swarm as the first improvement. When the
experimental run is over, the computation of the initial
swarm position produces a better algorithm solution
and faster convergence.

2.2) Chaos FOA

The chaos approach is referred as a practical way
to balance exploration and exploitation, ensuring algo-
rithmic performance stability. One of the most cru-
cial factors affecting algorithm performance in FOA
is the calculation of food sources. This metaheuristic
technique’s basic implementation assumes uniform
distribution randomization of the variables x; ;. This
is often a poor decision, particularly when dealing
with complex, multimodal, and nonlinear issues. An
alpha is a new parameter introduced and utilized to
generate food sources to increase the overall speed
and convergence of FOA. Specifically, changed Eq. (7)
to include a chaotic variable as below:

xij =%,;+alpha(x;; —x), i =1,..,PS,j=1,..,n
(8)

Where the optimal solution as of present is Xx*.
Make people move in a disorderly manner in the direc-
tion of the best possible answer thus far. When com-
pared to FOA with Levy distribution and basic FOA,
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Algorithm 2: Procedure of Chaotic FOA

// Algorithm initialization

Set the population size PS and maximum number of iterations Iy,
// Initialize fruit fly swarm location in the search spacen

Fori=1,..,PS

X;j = lower_bound + (upper_bound — lower_bound)xrand(),j = 1,..,n

EndFor

A < arg(ming=1, _psf (X;)) //Set Swarm location
// Set optimal solution and iteration counter
X*=A

Iter =0

Repeat

// Smell — based(osphresis)foraging phase
Forj =1,..,PS

//Generate food source X; = (X;1,X;2, .., Xin)
alpha = Chaos()//Determine chaotic parameter
xij = x5 +alpha(x;;-x7), i=1,..,PS,j=1,..,n
//Limit the result

If x; j > upper_bound then

x;j = Upper_bound

Endif

If x; ; > upper_bound then

x;j = Upper_bound

End if

EndFor

//Vision — based foraging phase

Xpest = arg mini—y 5 ps(f (X;))

//Find global best solution

if f (Xpest) < f (D) then

A = Xpest

Endif

if f(A) <f(X) then

X*=A

End if

Until the maximum number of iteration is reached

2 Iter = Iterpmgy

this turned out to be a significant advantage. Algo-
rithm 2 presents the full process of a novel CFOA.

3. Results and Discussion

To reduce congestion and improve resource
scheduling, this research implies the fog computing
overflow control model. This will enable the safe and
effective collection and transfer of medical data across
IoT networks. By combining TGA and CFF, overflow
issues in the RNN framework can be detected more
effectively, enabling proactive resource allocation
management. Additionally, the Java programming
language is used to obtain the results of the associated
techniques. Java client-server in fog computing is
created at various layers of the fog architecture,
including fog nodes, fog servers, gateway devices,
cloud services, and management/orchestration
systems, to enable efficient and scalable edge
computing solutions.

Table 1 displays the simulation parameters of the
method. FOA with Chaotic map shows superiority
in terms of resource scheduling efficiency, response
time, energy consumption, and algorithm success rate.

Table 1. Simulation parameters

Value

100 m
[0.1 — 1] Mbits
[0.7-1]GHZ

Simulation parameters
Radius of the FN

Data size for task
Computation capacity of
the FN

Computation capacity of
the IoT devices

Local computing energy
consumption

FN computing energy
consumption

20GHZ

[2—4]* 107" J/Cycle

1% 10 7 J/Cycle

Figure 6 illustrates the monitored healthcare data,
including temperature and blood pressure values.
Here, the IoT is used to monitor the parameters of
the human body, and one of the sample outputs is
provided above.

According to user requests varying from 5 to 100,
as seen in Fig. 7, the proposed method has an average
success rate. The average success rate drops as the
number of requests from the user increases. However,
the CFOA has a better success rate than other methods.
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Figure 6. Monitored healthcare data
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The efficiency of resource scheduling for user
requests is shown in Fig. 8, which considers a range
of customer demands from 5 to 100. The findings
show that as the number of requests increases, the
effectiveness of resource scheduling varies between
80% and 96%. Although the CFOA has better resource
scheduling efficiency than other methods.

After accounting for user demands, Fig. 9 illus-
trates how energy consumption varies from 1 to
100 users. It was found that as customer demand
increases, so does energy usage. However, the CFOA
utilizes lower energy than other methods.

Fig. 10 illustrates how to respond to user requests
within a suitable timeframe, accommodating queries
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Figure 11. Energy consumption Vs the iterations

from 5 to 100 users. The observations have led
to improvements in response times, as well as an
increase in user requests. However, the CFOA has a
lower response time than other methods.

The energy usage of the proposed CFOA in com-
parison to the iterations for various populations is
shown in Fig. 11. The energy consumption rate for
populations of fifty, seventy-five, and one hundred is
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provided. Furthermore, the FFOA obtains the highly
complex optimal solution. However, the CFOA has a
low-complexity, suboptimal solution.

The effect of tasks, RBs, and device count on
convergence performance is illustrated in Fig. 12.
An increase in device count signifies higher energy
consumption for convergence, while the impact of
RBs and tasks remains similar. In the same vein, as
tasks increase and devices and RBs become identical,
so does the energy required for convergence. More
RBs translate into more transmission resources for
offloading, which improves convergence performance
even when the devices and tasks are the same.

The energy consumption compared to the total
task number is highlighted in Fig. 13. As the task num-
berrises, so does the energy consumption. It leverages
the FN’s powerful processing and storage capabilities
to reduce energy consumption.

The energy consumption of the FN in relation to
its computing capacity is shown in Fig. 14. Because
the duties are dynamically assigned to the FN and IoT
devices based on available resources, the proposed
approach uses the least amount of energy.

The energy consumption versus the total num-
ber of RBs is displayed in Fig. 15. As the number
of RBs increases, the energy consumption decreases
more gradually. Additionally, the proposed strategy
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Figure 14. Energy consumption versus the FN’s
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RBs
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allocates jobs to the FN and achieves the lowest
energy consumption as the number of RBs is steadily
increased.

The average latency vs the total no. of tasks is
displayed in Fig. 16. It is evident that as the number of
tasks grows, so does the average delay. IoT devices did
not process jobs with a greater number of variables in
a short time. It causes a substantial delay and subpar
performance. Moreover, the proposed model attains a
reduced latency.
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Table 2. Comparison of Execution Time

Methods | Execution Time (s)
FOA 55s
SSA 43s
Proposed 7.1s

The average delay is mapped against the FN’s com-
pute capability in Fig. 17. The average time of the local
computing model is independent of the FN‘s computa-
tion capacity because all jobs are calculated locally at
the IoT devices.

The total average delay versus the total number of
RBs is highlighted in Fig. 18. As the number of RBs
increases, all the proposed method’s curves drastically
decrease. This is because an increase in the available
spectrum resources results in a significant reduction
in the transmission time.

The comparison of execution time for FOA [29],
SSA [30], and the proposed method is represented
in Table 2. From that, the proposed method has the
lowest execution time among other methods.

4. Conclusion

The proposed approach evaluates QoS attributes
and identifies overloaded servers by fusing TGA
and an RNN. By efficiently managing data migration
to VMs, the TGA approach reduces congestion and
enhances system stability. Furthermore, in the con-
text of safe healthcare data aggregation and trans-
mission inside IoT networks, the CFOA is a neu-
ral computing system to maximize service and user
separation based on individual features. By com-
bining TGA and CFOA, overflow issues in the RNN
framework can be detected more effectively, allowing
for proactive resource allocation management. The
results are obtained by utilizing the Java programming
language, and this method achieves an optimal solu-
tion with low complexity, improved convergence per-
formance, enhanced resource scheduling efficiency,
reduced energy consumption, and lower delay. It
demonstrates how the fog computing overflow control
model effectively reduces congestion and optimizes
resource scheduling, making it easier for healthcare
data to be aggregated and transmitted securely and
efficiently over 1oT networks.
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