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Abstract: The widely adopted "smart city” model is portrayed by ubiquitous cyber capabilities for
vital city infrastructures including healthcare, the environment, transportation, and utilities to be
monitored and managed. Context-aware computing and fog computing must be used together to
control the many services while maintaining the best Quality of Service requirements. The viability
of intelligent sleep and waking cycles for energy reduction at the fog layer of the context-aware fog
nodes is discussed in this work. This study uses context-aware computing to reduce the need for
huge real-time data transfers across fog nodes. The fog nodes are controlled based on the availability
of the required contexts in the fog node. It proposes an IBEA algorithm to assign service requests
with the objective to minimize the number of active fogs with help of a virtual machine management
technique. In our research we use the epsilon constraint method which entails optimizing the
objectives while establishing thresholds (epsilon values) for one or more of them. This makes it
possible to investigate the Pareto front, which represents optimal trade-offs between conflicting
objectives.

Keywords: Internet of Things; Context-Aware; IoT applications; Cloud computing; Service delay;
IBEA Algorithm; Multi-objective optimization

1. Introduction

The realization of smart cities has been intimately linked to the Internet of Things (IoT),
especially with more complex services implemented using the incorporation of various IoT
applications. Cross-domain or cross-vertical apps have been used to describe these prospective
applications [1]. As a result, a smart city can be seen as the combination of various standalone Internet
of Things applications, where the cooperation of applications from other domains can make different
complex circumstances simpler and more efficient. The cloud analytics layer, which is defined by
vast computational and storage capability, serves as the foundation of all smart city activities. Here,
all historical data are archived for various purposes.

The sensors and devices layers are made up of IoT appliances (like security cameras, traffic
lights, and smart meters) that produce various application-specific data. Additionally, there is a need
to add a fog layer between the devices and the cloud layers to test real-time responsiveness [2]. A
proposed technique for context-aware traffic scheduling is energy-efficient [3,4], which first classifies
IoT applications according to their diverse traffic requirements before mapping them to different
weighted quality classes. The term "delay-sensitive applications" refers to the shift in IoT applications
over the past ten years from being primarily applications based on data collection to considerably
more sophisticated applications utilizing advanced machine learning [5,6], frequently operating
under time constraints from a delay perspective. In IoT environments, fog devices are commonly
employed, and enough literature concentrates on managing fog layer energy. A genetic algorithm
was employed in Reference [7,8] to reduce the number of failed nodes and energy usage in an IoT-
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based fog model. Figure 1 shows the general IoT context-aware architecture, where three layers have
been described to represent the whole architecture of the IoT-based environment.
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Figure 1. IoT Context-Aware Architecture

It should define the purpose of the work and its significance.

Similarly to this, there is enough research available that uses various optimization strategies to
reduce energy use at the fog level. Fog layer developments in smart city research have just lately been
recognized for their significance and research potential [9,10]. However, very few studies have truly
dealt with energy reduction at the fog layer. Numerous researchers applied various optimization
strategies to service placement at various levels to further increase its effectiveness [11,12]. The
problem with IoT applications using fog resources for services was proposed by Skarlat et al. [13]
while taking into account the application and resource heterogeneity concerning QoS attributes.

Multi-objective optimization techniques are used in [14] to handle the service placement
problem across several platforms. Guerrero et al. work [15] provides a comparison of various
optimization strategies. In the research work published by Kaur [16], the use of the genetic algorithm
and artificial neural network to predict and forecast service scheduling. The remainder of this article
is organized as follows: The background of the services offered by smart cities is briefly covered in
Section 2, along with how context-aware computing is used at the fog layer to deliver services. A
discussion of optimization for the fog energy model is also included in section 3. The experimental
setup for replicating various scenarios is presented in Section 4. Section 5 presents and analyses the
experimental findings. Finally, Section 6 presents the conclusions.

2. Background

Different services make up a smart city, and each of these services is given a priority number based
on how much delay the application can handle while providing its services. Each fog node within its
sensing range receives an "R" number of service requests from IoT devices, some of which are more
than the fog node's computer power can handle. Furthermore, a fog node's available computational
resources are not set at any given moment in time, making it challenging to anticipate upcoming request
types and a deadline. These situations are regularly seen in smart city applications, and in these cases,
it becomes quite challenging to continuously supply end customers with an efficient service given all
of these limitations. We also need to think about whether there are enough context instances of the
required type at the specified Fog node. In the lack of the required categories of context instances or a
sufficient number of context instances, an efficient context-sharing or migration mechanism aids in
reducing the burden at the fog node. [17,18]. Figure 2 shows the practical implications of the IoT for the
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environment. Performance, security, and cost-effectiveness are all improved by the practical
consequences of integrating fog computing into IoT systems. Leveraging fog computing will be crucial
for tackling issues with latency, scalability, and energy management as IoT continues to spread across
several industries and guaranteeing that strong security measures are in place.
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Figure 2. Implications of IoT Fog Environment.

Survey papers have been written about several facets of fog computing. Shi et al. [18], for
instance, have examined the crucial elements of fog computing for healthcare systems. Shi et al. [19],
for instance, looked at the crucial components of fog computing for healthcare systems. Additionally,
Yi et al. study of fog computing included a discussion of different fog computing application
scenarios and potential issues that might occur while putting these systems into place [20]. Central
Fog functions are housed in a software-defined resource management layer in the suggested
architecture [21]. This provides a middleware that runs in the cloud to prevent Fog colonies from
behaving independently.

Fog cells are analyzed and controlled, and cloud-based middleware keeps track of them. In
addition, Bonomi et al. [22] discussed essential aspects of fog computing and how it extends and
enhances cloud computing to investigate the integration of IoT with fog computing. A hierarchically
distributed Fog design was also proposed. To evaluate the qualities of their design, they presented
examples of a wind farm and an automated traffic signal system. A paradigm for comprehending,
assessing, and modeling delays in IoT-Fog-Cloud systems was put forth by Yousefpour et al. [23].
They suggested a delay-minimizing Fog nodes policy to reduce service delay for IoT nodes. By
sharing the burden, the suggested approach employs communication amongst Fog to reduce service
delays. For calculation offloading, the strategy takes into account not only queue lengths but also
diverse request types with various processing times.

Furthermore, the authors developed a framework for the comprehensive analysis of service
delays from the perspective of fog cloud structures and conducted substantial simulation tests to back
up the framework and recommended regulations. The security and privacy concerns brought on by
merging fog computing with the IoT were presented by Lee et al. [24] [25]. They claimed that
implementing the IoT with fog creates several security risks. It was also underlined how important it
is to create a secure Fog computing environment using different security methods. Figure 3
represents the application of evolutionary algorithms in the smart city context.

Using evolutionary algorithms in the context of smart cities is a transformative approach to
governing and designing metropolitan areas. These algorithms can improve resource allocation,
energy usage, traffic management, and other elements of smart city operations. These algorithms do
this by imitating natural selection processes. Furthermore, by dynamically modifying power
distribution in response to real-time demand data from Internet of Things sensors, these algorithms
can improve energy efficiency while minimizing waste and expenses. Overall, the application of
evolutionary algorithms to smart city settings not only simplifies processes but also promotes
sustainable urban growth by enabling data-driven choices that improve the standard of living for
citizens.
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Figure 3. Application Evolutionary Algorithms in Smart City Contexts.

They also reviewed existing security methods that can be effective in securing the IoT with Fog.
In addition, using a hierarchical computing design, Hong discussed that Mobile Fog (MF) distributes
IoT applications over several devices, from the edge devices to the Cloud [26]. The MF uses a dynamic
node discovery process to join devices in parent-child associations, where data from child nodes is
handled by parent nodes. MFs' capability to collect and analyze data locally on end-user devices
offers several benefits for IoT applications. A taxonomy of the fog computing environment, as well
as difficulties and characteristics, were described by Mahmud et al. and others [27-29]. They
highlighted the variations between mobile cloud computing, mobile edge computing, cloud
computing, and fog computing. Their research explored networking setups, different Fog computing
metrics, and Fog node settings.

Multi-objective optimization is used by IoT fog computing to improve system performance
while addressing resource usage and energy efficiency [30]. In applications like product lines and
telehealth, where energy-efficient solutions are essential, this paradigm of multi-objective
optimization is especially pertinent [31-35]. Hybrid algorithms and NSGA-II are two examples of
multi-objective optimization approaches that help balance competing metrics like throughput,
energy usage, and latency. The Hybrid Multi-objective Harris-Hawks and Moth-Flame Optimization
Algorithm (HMHMFOQOA), for example, exhibits enhanced techniques for task offloading while
maximizing resource utilization and reducing latency [36]. Furthermore, in diverse contexts,
frameworks such as Tof-NSGAII manage task offloading successfully, resulting in notable energy
reductions with negligible latency increases [37]. Deploying delay-sensitive Internet of Things
applications in fog computing environments requires the integration of various optimization
algorithms to provide the best possible optimal service placement and resource allocation [38].
Though multi-objective optimization has many advantages, it also adds complexity to the process of
balancing several performance measures, which can make decision-making more difficult in real-
time systems.

One popular scalarization method in multi-objective optimization, especially for Pareto front
optimization, is the epsilon-constraint method. Using this approach, a multi-objective issue is split
up into many single-objective problems. One goal is chosen to optimize, and the other objectives are
converted into constraints with epsilon (&) limits. The main advantage of this strategy is that it may
produce a wide range of Pareto optimum solutions, which enables decision-makers to properly
consider trade-offs between conflicting objectives [31-35]. By directing algorithms toward promising
areas, epsilon-dominance improves the exploration of the solution space and guarantees a varied
collection of solutions [39]. By reducing the number of possibilities available to decision-makers, the
epsilon constraint approach helps to provide a representative collection of solutions. Based on this
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technique, algorithms have demonstrated efficacy in preserving coverage and uniformity in the
Pareto front representation [40].

3. Problem Formulation

The two main objectives are optimized in this paper: a) first, to minimize the amount of energy
used at the fog layer; b) second, to minimize the total service delays for time-sensitive applications.

3.1. Two Objective Functions Definitions

3.1.1. Minimize Energy Consumption at the Fog Layer (fI)

The first objective is to minimize the overall amount of energy that the fog nodes use while
processing Internet of Things requests. This may be written in mathematical terms.

fl1=3 Ei (1)
where:

e [Ei isthe energy utilized by fog node i

e Nis the total number of fog nodes.

3.1.2. Minimize Total Service Delays for Time-Sensitive Applications (f2)

The second objective is to minimize the overall service time delay that applications need timely
responses. This can be shown as.

f2= ¥, Dj @)
where:

e Dj represents the service delay for application j,

e  Mis the total number of time-sensitive applications

The Eq. (1) and (2) represents the definitions of the two objectives. The optimization problem
can thus be framed as:

Minimize (f1, f2)

While subject to constraints relating to the fog computing environment, quality of service
standards, network architecture, and resource availability need to be addressed. The aforementioned
objectives seek to optimize energy efficiency while guaranteeing that vital applications fulfill their
performance prerequisites.

IoT devices within the sensing range of a fog node Fi send requests for services. Let SRi, SR,
SRs,..., SRy are P number of service requests with the corresponding application information that are
received at a fog node Fi. These services request all fall under several application kinds, such as As,
As, As,..., Ak. Each of these applications needs to process at least "m" context instances, and the exact
number would be determined by the application’s paradigm. Incoming service requests are accepted
by each fog node for a specific period. These service requests are subsequently handled at the
receiving node or a nearby node, depending on the availability of context instances, computation,
and the fog node's current load.
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Figure 4. Methodology Framework for Two Objective Functions.

Figure 4 shows the methodology framework for two objective functions. This framework
explains how two different objective functions, such as minimizing energy usage and minimizing
service delay, are formulated to reflect competing objectives. The IBEA uses a population-based
approach, wherein alternative solutions are assessed according to how well they perform in
comparison to these objectives using certain indicators, such as the e-epsilon technique, which directs
the selection process. The proposed framework generates a collection of non-dominated solutions
that show the optimal trade-offs between the two objectives after it runs for a predetermined number
of generations or until a stopping requirement is satisfied.

To reduce the energy consumption of these fog nodes, the proposed IBEA algorithm uses a duty
cycle technique to plan when the fog nodes will supply these services. The IBEA-based VM
scheduling is utilized to balance the load during runtime and lower these VMs' energy usage. Figure
5 depicts the IBEA's work, and the algorithm's process is given in depth.
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3.2. Solution Methodology

The IBEA algorithm must be used to solve the problem of efficient VM scheduling under
constraints for a set of smart city tasks with certain restrictions. The ideal VM allocation is attempted
via a metaheuristic approach due to its computational complexity. The available VMs with the
necessary compute and contexts are given the queued service requests while forming the
aforementioned problem as an optimization problem, different random assignments are taken into
account as a chromosome. The chromosomes are generated depending on different parameters.

These chromosomes are considered to be the initial population. The total amount of energy used
by these nodes is then used to evaluate these chromosomes. The proper selection and mutation
activities are carried out and repeated to introduce randomness among the chromosomes. The
specific parameters are taken into account while calculating the energy consumption of these fog
nodes, as well as the formulas used to do so. Minimizing the overall execution time and the
proportion of service requests that fail to finish their tasks are the two objectives of GA Optimizer.
Up until all service requests are scheduled, crossover and mutation processes are used.

Table 1. Pseudocode for IoT Fog Computing.

Pseudocode for IoT Fog Computing Using IBEA Algorithm

1. IoT devices and fog nodes Initialization
- Total number of fog nodes (N)
- Total number of IoT devices (M)
- Initialize resource availability for each fog node
2. For each IoT application define QoS requirements
- For each IoT device, specify latency, bandwidth, and processing power requirements
3. For IBEA initialize the population
- Generate initial population of potential solutions (service placements)
- Each solution associates IoT devices with fog nodes
4. Fitness evaluation of each solution

- For each solution in the population:
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a. Compute total latency based on service placements
b. Compute resource utilization for fog nodes
c. Calculate multi-objective optimization (e.g., response time, energy consumption)
5. Utilize the IBEA optimization procedure
- While stopping criteria not met (e.g., max iterations or convergence):
a. From the current population select parents based on fitness indicators
b. Utilize crossover and mutation operators to generate offspring solutions
c. Fitness evaluation of offspring solutions
d. From the combined population compute indicators for all solutions
e. Using indicators, do non-dominated sorting to select the best solutions
6. Execute the best solution
- Based on optimum placements, deploy IoT services to selected fog nodes.
7. Evaluate performance
- Monitor resource utilization and QoS metrics
- In case of performance degrades, dynamically adjust service locations.

8. End

Table 1 shows pseudocode for IoT fog computing. The pseudocode for IoT Fog Computing
describes how data is collected from IoT devices. Usually, it begins with setting up fog nodes and
their connections to the cloud and Internet of Things devices. Evolutionary optimization is integrated
into the fog computing paradigm in the pseudocode for IoT Fog Computing using IBEA. It starts by
setting up a population of possible IoT data processing schemes and fog node configurations.
Gathering data from IoT devices and using IBEA to optimize job scheduling and resource allocation
comprise the main loop.

IBEA assesses and refines solutions using performance metrics including latency and energy
consumption. The algorithm chooses parent solutions for each iteration, creates offspring by applying
crossover and mutation operators, and compares and chooses the best solutions using a binary
quality indicator (such as the e-epsilon technique). The population is updated periodically based on
real-time performance indicators, which enables the system to adjust to evolving IoT environments.
In the fog-IoT environment, this strategy seeks to continually optimize the trade-off between local
processing efficiency and overall system performance.

4. Experimental Setup and Validation

The IBEA-based approach for service request assignment in fog computing that incorporates the
e-constraint method has been experimentally validated and shows significant quantitative benefits.
CloudSim-Plus framework [30] with fog extensions was used in the experimental configuration,
which included 200 IoT devices making service requests and 50 fog nodes with varying specs (CPU:
1.5-3.0 GHz, RAM: 2-8GB). The implementation of the e-constraint approach involved using
systematically varying & values to control energy usage while taking response time as the primary
objective.

Table 2. Parameter Values of IBEA (Two Objective Optimization).

Parameters Values Description
Population Size 100 Individuals in the population
Number of Generations 200 Number of iterations
Crossover Value 0.7 Crossover operation probability

Mutation Value 0.3 Mutation operation probability



https://doi.org/10.20944/preprints202411.1468.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 November 2024 d0i:10.20944/preprints202411.1468.v1

9
Archive Size 100 Non-dominated solution archive
Objective 1 Delay Time User requests response time
Objective 2 Energy Consumption Energy used by fog nodes

The parameter values chosen for the experimental procedure are displayed in Table 2. A number
of crucial parameters are set up in the Indicator-Based Evolutionary Algorithm (IBEA)
implementation for two-objective optimization in order to guarantee effective performance. The
algorithm strikes a compromise between processing cost and exploration capabilities by maintaining
a population size of 100 potential solutions every generation. While maintaining manageable
computing needs, this modest population size guarantees adequate variety in the solution space. In
order to give the algorithm enough time to converge for optimal solutions, it is programmed to run
for 200 generations. The algorithm can fully search the solution space with this number of iterations,
and it will halt either when these generations are finished or when additional stopping requirements
are met.

The method uses a crossover probability of 0.7 (70%) for genetic operations, which indicates that
there is a 70% chance that chosen parent solutions will undergo crossover operations to produce new
offspring. Through the combination of features from many parent solutions, this high crossover rate
facilitates efficient exploration of new solution spaces. The implementation of a mutation probability
of 0.3 (30%), which gives each component of a solution a 30% chance of experiencing random
mutation, complements the crossover procedures. This mutation rate keeps the population diverse
and keeps the algorithm from prematurely convergent being trapped in local optima. In order to store
and preserve the best non-dominated solutions found during the search process, the algorithm keeps
the archive size at 100, which is purposefully bigger than the population size. This bigger archive
applies elitism to the optimization process and preserves solution variety.

The algorithm's main objectives are to optimize energy usage and latency. One important
indicator of system service quality is the delay objective, which calculates how long it takes for user
requests to be processed. In order to guarantee optimal performance and user satisfaction, this delay
must be minimized. The system's fog nodes' overall energy usage is measured by the second
objective, energy consumption. This objective is essential for controlling operational costs and
preserving system efficiency. Since reducing latency may necessitate using more energy, and vice
versa, the algorithm seeks the optimal solutions that strike a compromise between these two
objectives. IBEA efficiently looks for Pareto-optimal solutions that offer the optimum trade-offs
between service quality and energy efficiency using these parameter settings and objective functions.

Table 3. IBEA Convergence Values Comparison.

Generation Results with e- Results Without e- Comparative
Selection constraint constraint Improvement%
10 0.857 0.692 +23.8%
25 0.912 0.785 +16.2%
50 0.945 0.848 +11.4%
100 0.968 0.891 +8.6%
200 0.982 0.925 +6.2%

IBEA (Indicator-Based Evolutionary Algorithm) implementations with and without epsilon
constraint integration for IoT fog computing optimization are compared for convergence values in
Table 3. It examined how IBEA optimization performed throughout generations and examined its
convergence behavior in two scenarios: with and without e-constraint integration. A thorough
understanding of the optimization trajectory is provided by the study, which covers several
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generation checkpoints at 10, 25, 50, 100, and 200 generations. The information provides strong
evidence for how much e-constraint integration improves IBEA's convergence properties.

The findings show that, as compared to the conventional IBEA implementation, applying the e-
constraint consistently produces better convergence values. With a noteworthy 23.8% improvement
shown at generation 10, this increase is especially noticeable in the early phases of optimization.
According to this, e-constraint integration speeds up the first convergence stage, enabling the
algorithm to find promising areas of the solution space more rapidly. While the relative improvement
percentage steadily declines as optimization advances through consecutive generations, the
improved version continues to outperform the standard implementation.

Interestingly, both strategies follow a same optimization pattern with declining results as the
number of generations rises. Even in later generations, but with a reduced margin of improvement,
the e-constraint variant continuously retains improved convergence values. This consistent
advantage suggests that the e-constraint mechanism contributes to improved final solution quality
in addition to accelerating early convergence. The data clearly shows that adding e-constraint to IBEA
improves the algorithm's performance, which is especially useful when quick convergence is

required when computational resources are limited.
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Figure 6. IBEA Convergence Analysis.

Figure 6 has been described as follows: distinct trends throughout several generational stages
are revealed by the performance analysis. The system showed remarkable improvement rates in the
early generation phase (10-25), ranging from 23.8% to 16.2%. The e-constraint technique showed a
notable advantage in first convergence. For the mid-generation period (50-100), both techniques
showed consistent convergence patterns, and the improvement rate reduced to between 11.4% and
8.6%.

Both strategies reached their saturation thresholds, with the late generation phase (200)
demonstrating a less significant but still noteworthy improvement of 6.2%. The main conclusions of
this investigation show that the e-constraint approach performed better in every generation. But as
generations went by, there was a definite trend of declining returns in improvement. This implies
that the e-constraint method works best in the early stages of optimization, when it can take
advantage of the greater potential for improvement.
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Table 4. Pareto Front Solutions using IBEA.

Optimal Latency Energy Fog Nodes Resource Util. Migration
Solutions Rate(ms) Consumption(W) Selected (%) Level

S1 45.2 128.5 3 764 Low

S2 38.7 156.3 4 82.1 Medium

S3 524 112.8 3 68.9 Low

54 33.6 178.2 5 88.5 High

S5 41.9 142.7 4 79.3 Medium

S6 48.3 118.9 3 71.6 Low

The Pareto-optimal solutions obtained by the e-constraint IBEA method are displayed in Table
4. The table explains the following: For IoT fog computing systems, let's take a closer look at the
Pareto-optimal solutions that the e-constraint IBEA algorithm revealed. The basic trade-offs in fog
computing resource management are illustrated by the solutions that are offered. When we examine
Solution 54, we find that it has the lowest latency (33.6 ms), but it also uses the most energy (178.2
W). With five fog nodes and a high resource consumption of 88.5%, this solution has a "High"
migration level, meaning that tasks are often redistributed among nodes to maintain optimal
performance.

Solution S3, on the other hand, emphasizes energy efficiency and is at the other extreme of the
spectrum. It has a greater latency of 52.4 ms and uses 112.8W of energy. This setup demonstrates how
less system activity results in energy savings yet faster reaction times by using only three fog nodes,
operating at a lower resource utilization of 68.9%, and maintaining a "Low" migration level. The
middle-ground options (S1, S2, S5) exhibit trade-offs that are balanced. For example, Solution S5 uses
four fog nodes and maintains 79.3% resource utilization with "Medium" migration, achieving
moderate performance with 41.9ms latency and 142.7W energy usage. For situations when
performance and energy efficiency are equally crucial, these systems provide attractive alternatives.

The connection between system setup and performance measures shows a distinct pattern. We
observe a similar drop in latency but an increase in energy usage as the number of fog nodes rises
from three to five. This makes sense since while more active nodes distribute processing more
effectively, they also need more power. Likewise, greater latency performance is correlated with
higher resource utilization percentages, albeit at the cost of increased energy consumption. The
proposed methodology dynamic nature is revealed by the migration levels. Higher migration levels
in solutions with more fog nodes suggest that tasks are redistributed more often to maintain peak
performance. This demonstrates how the system actively distributes the load among the resources at
its disposal, with the trade-off that greater migration levels often translate into increased energy
consumption. No alternative solution is strictly superior in both objectives, as each Pareto front
option reflects a non-dominated configuration. Whether system administrators need to balance
energy efficiency and response time, or prioritize either, this provides them with a valuable options
to select from.

Because of its interactive characteristics, the table's data presentation makes analysis simple.
Sorting by any column makes it easier to see trends and connections among various data. While the
alternating row improve readability when comparing different solutions, the accurate interpretation
of the numbers is ensured by the clear presentation of units and consistent decimal formatting.
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Pareto Front Solutions - e-constraint IBEA

Figure 7. Pareto Front Solutions e-Constraint IBEA.

The scatter plot visualization that illustrates the Pareto front solutions for the optimization
problem of the IoT fog computing system is explained in Figure 7. The scatter plot efficiently
illustrates the trade-off connection between two conflicting competing goals: energy consumption
(measured in Watts) on the y-axis and system delay (measured in milliseconds) on the x-axis. The
continuous Pareto front boundary is depicted by dotted lines connecting each point in the figure (S1
through 56), where each indicates a non-dominated solution discovered by the e-constraint IBEA
method.

While examining the extremes, Solution 5S4 is shown at the far left (33.6 ms, 178.2 W), indicating
the highest energy usage but the best latency performance. Conversely, Solution S3, which has the
most energy-efficient configuration but the worst latency, is located in the lower right section (52.4ms,
112.8W). The Pareto frontier, which is shown by the dotted line joining both locations, states that any
improvement in one objective inevitably results in a decline in the other. Balanced solutions that
provide various compromises between the two objectives, such as 52 (38.7ms, 156.3W), S5 (41.9ms,
142.7W), and S1 (45.2ms, 128.5W), are displayed in the center section of the plot. These points'
distribution along the curve shows how the algorithm has discovered widely dispersed solutions
throughout the objective space, giving system managers a variety of choices to suit various
operational requirements.

The dotted connecting lines aid in visualizing the continuous character of the trade-off
relationship, while the grid lines and axis labels offer distinct points of comparison for solutions. In
order to clearly visualize the correlations between solutions, the chart's size and spacing have been
improved. This makes it simple to spot patterns and make well-informed decisions regarding system
configuration. The basic trade-off in fog computing systems is exemplified by the convex shape of
the Pareto front, which is created by the dotted lines joining the solutions: improving latency
performance invariably necessitates using more energy, and vice versa. Decision-makers may use
this visualization as a valuable tool to comprehend the alternatives available and select
configurations that best meet their unique needs for striking a balance between energy efficiency and
performance.

5. Discussion about Results

The experiment outcomes are explained in this manner which makes it simple to discuss the
selected algorithm. Remember that a multi-objective optimization solution is typically a collection of
non-dominated solutions, as in the case of IBEA. The analysis is therefore taken into account
concerning the optimization of two objectives as mentioned in section 3.

5.1. Justification about Selction of e-epsilon Method
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An advanced strategy for managing two-objective optimization in intricate distributed systems
is the use of the e-constraint method in combination with IBEA to optimize energy usage and service
latency in fog computing. In distributed computing systems, this technique is especially efficient at
striking a balance between the competing objectives of service performance and energy economy.

The inclusion of the e-constraint technique is supported by its methodical approach to managing
the inherent trade-offs between service delay and energy usage. Its strategic approach, which chooses
energy consumption as the main optimization objective and turns service latency into a constraint
with an & parameter bound, is its main strength. This change keeps system performance within
reasonable bounds while allowing for more accurate control over the optimization process. This
method's effective constraint handling skills are one of its main advantages. By systematically
varying ¢ values, the proposed approach allows for exact control over service latency and allows
threshold modifications to meet varying QoS requirements. Finding and preserving ideal operating
conditions is made simpler by the constraint transformation method, which gives more precise
boundaries for feasible solutions.

The approach shows good fit with fog computing problems in the real world. The e-constraint
architecture successfully handles service delay restrictions, which are usually more clearly stated in
SLAs than energy objectives. More aggressive energy optimization within preset delay limitations is
made possible by this alignment, which reflects real-world operational requirements in fog
computing settings.

The optimization process benefits greatly from the interaction with IBEA. The e-constraint
technique is enhanced by IBEA's indicator-based fitness assessment, which offers a more detailed
analysis of solutions that fall inside the feasible region. Better solution space exploration is made
possible by this combination, which also strictly adheres to delay limitations. In IBEA, the binary
quality indicators are essential for preserving solution diversity while concentrating on energy
optimization.

From the perspective of implementation, the method has a number of useful benefits. Systematic
e-epsilon method value change simplifies parameter tuning, and explicit violation detection
procedures guarantee constraint compliance. The method is more appropriate for real-world
applications since it exhibits lower computing complexity when compared to conventional multi-
objective approaches. Through a number of methods, the technique greatly improves the quality of
the solutions. Through systematic ¢ variation, it increases solution distribution along the Pareto front
and focuses optimization efforts into viable regions to produce improved convergence characteristics.
A more thorough optimization landscape is provided by the method's improved capacity to identify
extreme solutions at different delay constraint levels.

From Operationally point of view, the approach has certain benefits in real-world deployment
scenarios. It facilitates simpler integration with current service level agreements and offers direct
translation to real-world fog computing applications where latency limitations are crucial. System
administration and maintenance are made easier by the user-friendly parameter modification
method. Setting baseline € values based on proposed approach needs is the first step in the structured
implementation process. This is followed by gradual modification to examine various trade-off
points. While solution assessment employs binary indicators to guarantee constraint compliance,
IBEA optimization concentrates on energy minimization inside each e-epsilon method bound.

The approach shows strong performance in managing dynamic operational circumstances.
Through adaptive e-epsilon modification, it efficiently handles workload variations and preserves
solution viability across a range of network scenarios. The method allows for systematic investigation
of the complete set of efficient solutions and offers explicit violation metrics for constraint
management. Key issues in fog computing optimization are successfully addressed by this proposed
methodology, such as balancing competing objectives, upholding stringent service quality
guarantees, adapting to changing operational conditions, and giving system administrators clear
control mechanisms.

5.2. Novelty and Significant Innovation in the Methodology
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Enough innovation is shown by the use of the Indicator-Based Evolutionary Algorithm (IBEA)
for service request assignment in fog computing with two-objective optimization to tackle the
intricate problems of resource allocation in fog environments. By moving compute and data storage
closer to the network's edge, fog computing, an extension of cloud computing, lowers latency and
enhances service quality for Internet of Things (IoT) applications [41]. However, because fog nodes
are diverse and IoT devices have dynamic demands, effectively allocating resources in fog computing
is still a significant challenge. In contrast to conventional scheduling methods, the application of IBEA
to this problem area provides a novel approach. Because fog computing resource allocation is multi-
objective problem. Hence, IBEA can handle it better than simple heuristics or single-objective
optimization techniques, optimizing for both resource use and minimal latency at the same time [42].
In fog environments, where cost and performance must be balanced, this dual-objective approach is
essential.

In this regard, IBEA's indicator-based selection process offers a distinct benefit. IBEA can more
successfully negotiate the intricate trade-offs between resource efficiency and latency reduction by
employing a quality indicator to direct the selection process. This is especially useful in fog
computing, where a highly dimensional solution space is created by the variety of service requests
and fog node capabilities [43]. Additionally, IBEA's evolving nature enables it to adjust to the
dynamic characteristics of fog computing environments. IBEA can adapt its solutions to changing
circumstances and retain optimality as service requirements and resource availability change over
time. Compared to static allocation techniques, which may easily become less effective in actual fog
deployments, this flexibility is a major advantage [35]. The ability of IBEA to integrate domain-
specific knowledge into the optimization process further demonstrates the originality of its use in
this application.

Researchers may encode fog computing-specific limitations and preferences, including giving
priority to particular service types or taking energy usage into consideration in resource-constrained
edge devices, by carefully crafting the indicator function [44]. Furthermore, a variety of Pareto-
optimal solutions may be discovered using IBEA's population-based methodology, giving system
administrators a variety of trade-off choices. In fog computing, where various deployment scenarios
may place varying priorities on latency or resource efficiency, this is particularly valuable [45]. To
sum up, using IBEA to allocate service requests in fog computing provides a novel and exciting way
to tackle the difficult problems of resource distribution in these dispersed environments. IBEA is a
comprehensive solution that may greatly improve the state of the art in fog computing resource
management by utilizing its multi-objective optimization capabilities, adaptive nature, and flexibility
in adding domain-specific information.

5.3 Practical Implications of Proposed Approch

The proposed technique of improving energy usage and service latency in fog computing service
request assignment by combining the e-constraint method with the Indicator-Based Evolutionary
Algorithm (IBEA) has important practical implications.

1. Better Resource Utilization: This method makes fog computing systems run more effectively by
reducing energy consumption and service latency at the same time. Practically speaking, this
translates into improved use of scarce resources at the network's edge, which is essential for
managing the growing needs of Internet of Things devices and applications.

2. Improved Quality of Service (QoS): End users will respond more quickly when service delays are
kept to a minimum. This is especially crucial for latency-sensitive applications where even
milliseconds of delay can have serious repercussions, including industrial control systems,
augmented reality, and driverless cars.

3. Energy Efficiency: Reducing energy use is in line with the increased need for sustainable IT
infrastructure and green computing. This can result in lower operating costs and a smaller carbon
impact for businesses using fog computing technologies.
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4. Adaptability to Dynamic settings: In fog computing settings, the IBEA algorithm can adjust to
shifting conditions according to the e-constraint technique. This is essential in real-world
situations when user demands, network conditions, and resource availability all change often.

5. Scalability: This method's capacity to manage extensive optimization issues gains value as fog
computing deployments get bigger and more sophisticated. It can effectively control the
distribution of resources among a large network of edge devices and fog nodes.

6. System Administrator Decision Support: This method offers system administrators a variety of
trade-off possibilities through the Pareto-optimal solutions it produces. This is especially helpful
in real-world situations where performance and energy efficiency may be prioritized differently
depending on the time of day, workload, or organizational goals.

7. Managing Complex restrictions: Complex restrictions pertaining to hardware limits, network
topology, and service level agreements are frequently present in real-world fog computing
systems. The e-constraint technique successfully bridges the gap between theoretical models and
real-world implementations by managing these restrictions.

8. Load Balancing: This method can improve load balancing across fog nodes by improving service
request assignment. This has real-world effects on distributed computing environments' overall
performance, fault tolerance, and system stability.

9. Cost Optimization: Cost optimization is implicitly addressed by the simultaneous emphasis on
energy usage and service latency. While less service delay can result in higher customer
satisfaction and possibly more income for service providers, less energy use decreases operating
expenses.

10. Applicability to Emerging Technologies: This strategy works well for innovations like 5G and
beyond, where fog computing integration is anticipated to be essential. It offers a structure for
handling these next-generation networks' intricate trade-offs.

The mathematical computation of the problem (using IBEA and the e-constraint approach)
directly tackles practical problems in fog computing, demonstrating the relationship between
theoretical elements and real-world implementations. The practical objectives of performance
optimization and energy efficiency, which are crucial in real-world deployments, are addressed
by using the theoretical underpinnings of multi-objective optimization. In conclusion, our method
contributes significantly to the theoretical and applied facets of the area by addressing present fog
computing challenges and establishing the foundation for next developments in distributed
computing resource management

6. Conclusion and Future Work

Mostly, the IBEA algorithm generated the values of the optimization for the two objectives
mentioned above. IBEA, however, achieved better outcomes in the service spread and network
latency when the objectives were analyzed independently. Additionally, IBEA gained a larger
solution space, giving the system administrator more freedom to choose a solution from the available
ones by taking various factors or preferences into account.

The benefits of the IBEA required longer execution periods, both in terms of the number of
generations and the duration of each generation's execution time. In conclusion, IBEA could generate
optimal results concerning both objectives and generate varied solution space. The study of a hybrid
optimization algorithm that runs different optimization algorithms at once and blends the different
solution sets has provided new avenues for future research. It is also possible to research and contrast
different metaheuristics, such as ant colony optimization (ACO), genetic algorithm (GA), and particle
swarm optimization (PSO). Finally, it is interesting to observe how various fog organizations may
apply analogous evolutionary strategies. The benefit of the epsilon-constraint approach, as
demonstrated by our studies, is its adaptability to non-convex Pareto fronts, which can present
difficulties for more conventional techniques like weighted sum approaches. Through the adjustment
of the ¢ values, professionals may methodically investigate various areas of the Pareto front,
guaranteeing that an extensive range of solutions are being evaluated.

The method's robustness has been further enhanced by recent improvements, such as the
addition of surplus and slack variables, which solve problems by finding effective solutions and offer
more adaptive constraint handling. Furthermore, to enhance efficiency in resolving intricate multi-
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objective problems, the epsilon-constraint technique has been effectively hybridized with
evolutionary algorithms, such as cultured differential evolution. By combining the objectives of
evolutionary approaches with mathematical programming, this integration enables iterative solution
refining. Thus, the epsilon-constraint technique not only helps find the optimal solutions but also
improves the general efficacy and efficiency of multi-objective optimization procedures in a variety
of applications.

The performance of IBEA is greatly improved by the epsilon-constraint approach, which takes
care of several important multi-objective optimization aspects. By providing explicit constraints on
objective functions, it primarily enhances convergence qualities while preserving variety along the
Pareto front. The approach ensures improved constraint management while offering fine-grained
control over the search direction, enabling targeted investigation of certain regions of interest.
Additionally, it improves the IBEA quality indicators, leading to more accurate convergence
measurements and relevant solution comparisons. The epsilon-constraint method is especially useful
for real-world optimization problems where effective resource use and clear trade-off visualization
are crucial since it streamlines parameter adjustment and increases algorithm resilience in real-world
implementations.

This proposed strategy successfully directs the search towards Pareto-optimal solutions by
allowing the algorithm to concentrate on identifying solutions that not only satisfy but also exceed
these thresholds. To make sure that the most important performance parameters are given priority,
this feature enables more effective service placement and task scheduling in the context of IoT fog
computing, where resources are frequently limited and requirements are constantly changing. The
epsilon constraint method also enhances the diversity of solutions produced by IBEA. The technique
promotes investigation of various areas of the solution space by methodically altering epsilon values,
which results in a larger collection of viable solutions. This is especially helpful in fog computing
situations where diverse application needs and heterogeneous resources call for flexible and adaptive
optimization techniques. Thus, the IBEA and epsilon constraint method together not only enhance
the quality of the solutions but also provide resilience to the uncertainties present in IoT contexts.
Further study may focus on creating many objectives optimization using NSGA-III algorithms using
hypervolume metric.
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