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With the exponential growth of 10T devices, there has been an increasing demand for distributed
computing paradigms such as edge computing and fog computing to address the limitations of
cloud computing. Resource scheduling is a critical aspect across the different layers, as it ensures
that the available resources are efficiently utilized and allocated to different tasks. Most of the
existing resource scheduling algorithms for fog computing environments focus primarily on
performance metrics such as makespan, resource utilization, and cost separately. However, there
is a need for dynamic multi-objective optimization techniques that can be energy-aware while not
compromising on makespan. In this thesis, we introduce a novel resource scheduling algorithm for
fog computing environments that optimizes time and energy consumption, which ensures higher
performance and lower data center costs. The algorithm considers all the available Virtual
Machines (VM) in the fog computing environment. Then, it uses the Technique for Order of
Preference by Similarity to Ideal Solution (TOPSIS), which is a multi-criteria decision analysis
(MCDA) method, to identify the optimal resources. Our algorithm considers multiple
computational parameters such as Million Instructions Per Second (MIPS), the number of
processing cores, and thermal design power (TDP) to rank available resources. We conducted a
series of experiments, and our algorithm achieves a multi-objective optimization for scheduling
IoT tasks on higher-ranked resources resulting in a 7%, 19% and 25% optimization rates in
makespan over Best-Fit, Greedy and First-Fit algorithms respectively. In addition, the
optimizations in energy consumption over the Best-Fit, Greedy and First-Fit algorithms from our

experiments were 1%, 41% and 27%, respectively.
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Chapter 1: Introduction

The term 10T, or Internet of Things, refers to a network of connected devices that communicate with the cloud

and amongst themselves [1]. IoT enables everyday “things” to connect to the internet and perform complex

functionalities. This makes devices such as cameras, smoke alarms, toothbrushes, weighing machines, and

other such machines smarter. With the recent shrinking of the size of computer chips which provide “smart”

and high bandwidth telecommunication, there exist billions of devices that are connected to the internet. Such

recent growth of 10T and related paradigms have become extremely important topics as they have major

societal and economic impacts [2].

Generally, 10T has the following impacts on society.

Better Health: Wearable technologies like smartwatches and fitness trackers offer users instant access
to personalized services and information. In addition to this, the integration of IoT within the
healthcare sector has yielded tangible benefits in terms of patient care and outcomes. Remote patient
monitoring devices enable healthcare professionals to remotely track vital signs, medication
adherence, and disease progression.

Enhanced Security: Smart security devices such as cameras, motion sensors, and door locks, can now
be remotely monitored and controlled via mobile devices or computers, empowering users to protect
their premises from anywhere in the world. Moreover, loT-driven biometric authentication
mechanisms ensure that only authorized individuals gain entry to sensitive areas or digital assets.
Improved Efficiency: 10T technology has brought about advancements in various sectors, particularly
in manufacturing. Through the integration of sensors and connected devices, industries can now
monitor and optimize their production processes in real-time. This integration has resulted in reduced
downtime, minimized waste, and streamlined workflows.

Enhanced Convenience: Smart home gadgets, such as thermostats, lighting systems, and household
appliances, can now be remotely controlled via smartphones or voice commands. This capability
empowers homeowners to adjust settings, monitor energy consumption, and automate household tasks
resulting in unprecedented levels of convenience.

Generally, 10T has had the following impacts on the economy:

Increased Productivity: The integration of 10T technology has spurred notable improvements in
productivity across various sectors of the economy. By harnessing the power of interconnected devices
and sensors, businesses can optimize their operations in real-time, resulting in enhanced output and
efficiency.

Job Creation: The advent of 10T has not only transformed existing job roles but also fostered the
creation of new employment opportunities. As industries embrace 10T solutions to drive innovation
and efficiency, there is a growing demand for skilled professionals with expertise in 10T development,

1



data analytics, cybersecurity, and system integration. Moreover, the deployment and maintenance of
loT infrastructure necessitates a workforce proficient in installation, troubleshooting, and ongoing
support.

e Cost Savings: loT offers significant cost-saving opportunities for businesses through improved
operational efficiency and resource optimization. Furthermore, loT-driven data analytics provide
valuable insights into consumer behavior, market trends, and operational performance, enabling
businesses to make informed decisions and allocate resources more effectively. As a result,
organizations can achieve substantial cost savings, enhance profitability, and gain a competitive edge
in the marketplace.

e New Revenue Streams: 10T presents businesses with opportunities to explore new revenue streams.
Through 10T, companies can introduce value-added services such as predictive maintenance contracts,
remote monitoring, and personalized customer experiences. Furthermore, IoT facilitates the creation
of ecosystems and partnerships, allowing businesses to collaborate with other stakeholders and
capitalize on complementary products and services.

The recent growth of 10T devices and related services has brought the 10T paradigm into the mainstream.

According to loT Analytics [3], loT
devices will grow at a rate of % 16%
every year, reaching a staggering figure

of 29.7 billion connected loT

20

devices by 2027. Figure 1 shows the
projected growth of 10T devices.

To put this number into "

perspective, it is estimated that in the
year 2027, the world population . will
be approximately 8.3 billion [4]. I T SIS AV R R s A wmm wm ww This

translates into having about Figure 1. Global 0T Market Forecast (in billions of loT-connected 3.57 loT
. devices) [28]

devices for every person on earth.

This growth in terms of 10T devices has resulted in the generation of an enormous amount of data that needs

to be processed, analyzed, and acted upon in real-time. However, cloud computing, a traditional method of

handling such data, has limitations in terms of latency, bandwidth, and cost. This has led to the emergence of

distributed paradigms such as fog computing, where computation and data storage are moved closer to the



data source. The general fog computing architecture can be divided into three distinct layers, as shown in

Figure 2.

As can be seen in Figure 2, the first is the 10T devices layer, it includes different devices such as smart
thermostats, smart lighting systems, smartphones, industrial machinery, and self-driving cars. This layer
generates data and offloads it to the fog computing layer through 3G, 4G, 5G, Wi-Fi, and Bluetooth
technologies. The intermediate layer is the fog computing layer that includes various computing, networking,
and storage devices. Finally, the upper layer is the cloud computing layer, which includes data centers with

high computing power [5]. As we move away from the devices

layer, the computation complexity increases, and the magnitude

" ™~ of resources decreases [6].

& - ﬁ N - AN Fog computing has several advantages over cloud computing.

\ First, it reduces the latency and bandwidth requirements as data is
e s — processed and analyzed closer to the data source, resulting in
Figure 2. Three-layer Fog Computing faster response times. Second, it reduces the cost of data

Architecture
transmission as only relevant, or summary data is transmitted to

@
i
D

the cloud. Third, it enhances data privacy and security as data is

%' P processed and analyzed closer to the source, reducing the risk of

- —  data breaches. However, fog environments generally suffer from

limited resources, translating into 10T devices competing to find
relevant resources on fog nodes to complete or execute operations or tasks [7]. Therefore, resource scheduling
is a crucial aspect of fog computing as it ensures that the available resources are efficiently utilized and
allocated to different tasks. Resource scheduling involves assigning tasks to computing resources based on

their capabilities and availability.

The billions of devices around the world are likely to generate several tasks, some of which would need to be
offloaded to resources, as discussed above. There is no definitive mechanism to estimate how many tasks a
typical 10T device would generate, as it would depend on several factors.

e Device Heterogeneity: Different devices have different needs. A simple temperature sensor might not

have many complex offloadable tasks. However, a smart camera might have to send continuous video
streams to analyze the footage.



e Device capabilities: Processing power and onboard storage affect how much data a device can process
locally before offloading tasks to the cloud or fog. Powerful devices might perform local analysis,
reducing tasks sent elsewhere.

e Configuration: How a device is configured significantly impacts how it interacts with the network and
generates offloadable tasks. Some devices might be configured to optimize battery life. Such devices
typically do not offload tasks frequently.

Despite having no definitive number, it is easy to see how these 10T devices generate billions of daily tasks.
Considering there are only around 10,000 data centers on the earth [8], there are limited resources that can
handle these tasks. This illustrates how important resource scheduling is in a fog environment to ensure there

are no bottlenecks and the tasks are executed successfully.

The resource scheduling problem in fog environments is more challenging than in cloud computing due to the
environment’s resource constraints, heterogeneity, and dynamic nature [9]. 10T devices are typically resource-
constrained and have limited processing power, memory, and storage [9]. Furthermore, resources in a fog
environment are generally very heterogeneous, i.e., they differ in terms of their capabilities, such as processing
power, memory, and storage [9]. The dynamic nature of the environment means that resources may become

available or unavailable at any time, making resource scheduling even more challenging.

Furthermore, with the increasing energy consumption of computing devices, energy efficiency has become a
critical factor in resource scheduling. Energy efficiency refers to the ability of a system to perform a task using
the minimum amount of energy. Resource scheduling algorithms that keep energy consumption down while
not compromising on the performance/execution time are the need of the hour. The energy demand from data
centers accounts for 1.5% of global electricity consumption [8]. This figure is predicted to increase
significantly in the coming years. The estimated global data center electricity consumption in 2022 was 240-
340 TWh, which resulted in a staggering 330 metric tons of CO2 equivalent. The combined electricity use of
just four major companies, Amazon, Microsoft, Google, and Meta was estimated to be around 72 TWh in
2021. Emerging services and technologies such as streaming, cloud gaming, blockchain, artificial intelligence,
machine learning, and virtual reality will further boost this demand. All these figures highlight the pressing
need for significant efficiency gains, and a resource scheduling algorithm that prioritizes energy efficiency

can make a notable difference in reducing energy consumption.

TETRA will reduce the carbon footprint of fog nodes, servers, and data centers while still providing Quality-

of-Life (QoL) guarantees to users. This will also lead to other advantages, such as higher revenues for service



providers due to lower operational costs. In addition, the costs to the users will be minimized due to the lower

makespan to create a win-win situation for the users and the service providers.

While the existing research work in resource scheduling for fog environments has contributed significantly,
it has limitations. Majority of these studies, for example, rely on generic algorithms such as First-Come-First-
Serve (FCFS), Shortest-Job-First (SJF), or optimization algorithms like Ant Colony Optimization (ACO) and
Particle-Swarm-Optimization (PSO). These algorithms have been shown to be effective in some scenarios.
Nonetheless, these solutions have their drawbacks [5], such as limited scalability, lack of adaptability to
heterogeneous environments, and inability to consider multiple criteria simultaneously. Moreover, the fog
computing environment is highly dynamic, and resource availability can vary unpredictably, making the
resource scheduling problem even more challenging. Therefore, a novel resource scheduling algorithm that
addresses the limitations of the existing approaches while considering multiple criteria during scheduling
decisions is needed. To this extent, we propose TETRA — A Time and Energy-aware TOPSIS-based Resource

scheduling Algorithm for optimizing the decision-making of scheduling relevant resources.
Our contribution in this thesis project is as follows:

1. We conducted a comprehensive literary survey aimed at identifying the limitations present in current
research. This process will assist us in strategically identifying the optimal field for our own research
endeavors.

2. We want to develop a scalable algorithm that maintains a high level of performance in a resource
constrained environment.

3. We implemented an energy aware algorithm that significantly reduces energy consumption while not
compromising on a critical performance criterion: makespan.

4. We tested our algorithm extensively against several state-of-the-art baseline algorithms.

5. We developed an open-source library extends CloudSim Plus framework so that users can simulate
resource scheduling across fog and cloud environments.

The rest of this thesis is organized as follows: Chapter 2 presents the related work. Chapter 3 presents the
proposed model. Chapter 4 presents the experimental results. Chapter 5 presents our conclusions and plans

for future work.



Chapter 2: Related Work

Optimally scheduling tasks on resources within cloud environments is an ongoing area of research that the
research community has extensively investigated in recent years. However, little research has been conducted
to optimize resource scheduling in resource-constrained environments such as fog environments.
Additionally, multi-objective optimization approaches are often neglected in research. To this extent, we

review the existing literature on resource scheduling in fog and related environments.

Resource scheduling comes under the umbrella of resource management in cloud environments. Effective
resource management requires innovative techniques and strategies for resource allocation, scheduling,
optimization, and allocation policies. Three important topics under the umbrella of resource management are

computational offloading, resource allocation, and resource provisioning.

Computational offloading is the process of shifting compute-intensive tasks or workloads from edge devices
to nearby edge servers or cloud data centers. This helps edge devices conserve their limited resources, like
battery power and processing capacity. To achieve effective computational offloading, factors such as network
latency, workload characteristics, and task priorities must be carefully considered.

Resource allocation involves assigning resources, like CPU, memory, and storage, to various tasks or
applications running on edge devices. Resource allocation decisions are made based on factors such as
workload demands, resource availability, and quality-of-service requirements. Effective resource allocation

strategies can optimize resource utilization and improve application performance.

Resource provisioning refers to supplying resources, like virtual machines, containers, or serverless functions,
to edge devices or servers as needed. Resource provisioning ensures that applications have access to the
required resources at the right time and in the correct amount. Effective resource provisioning techniques
require careful consideration of factors such as resource availability, deployment costs, and resource

utilization efficiency.

While investigating related work for TETRA, we conducted a survey on the current state of resource
management techniques in edge computing, including computational offloading, resource allocation, and
resource provisioning. The survey aims to provide insights and guidance for researchers and practitioners in

designing and implementing efficient and effective resource management solutions in edge computing.



2.1 Survey Methodology

This section provides the method we used to survey the resource management approaches in the field of edge

Choose Database
Filter Criteria 1 - Title:

Computation Offloading/ Filter Criteria 2 - All Filter Criteria 3 - Time

computing. It is shown in Figure 3.

Resource Provisioning / Edge Computing Period : 2019 - 2023
Resource Allocation

Choose top 10 for
Sort by relevance each topic with
relevant keywords

Figure 3. Paper Selection Method

We have considered three databases to avoid any bias:

1. Institute of Electrical and Electronics Engineers (IEEE) Xplore

2. Association of Computing Machinery (ACM)

3. Multidisciplinary Digital Publishing Institute (MDPI)
We looked at the three approaches of resource management: computation offloading, resource provisioning
and resource allocation. To find the papers related to these topics, the following keywords were applied:

1. Computation offloading: “Computation Offloading”
2. Resource Provisioning: “Resource Provisioning”
3. Resource Allocation: “Resource Allocation”

These keywords were searched for in the Title of the papers in the above-mentioned databases.

To make sure the papers were relevant to the field of edge computing, we applied the keyword “Edge

Computing”.

To ensure that the information regarding the field is up to date, we filtered for research papers that were
published between 2019 and 2023.



Next, we filtered manually to ensure that the research papers returned were relevant to topics mentioned above.

In this step, we chose ten papers from each database.

2.2 Survey Results

Based on the methodology above, we found a total of 6635 research papers across all three databases for
computational offloading. Out of which, IEEE, MDPI and ACM account for

813,18, and 5794 research papers respectively, as seen in Figure 4.

|IEEE
12.3%
MDPI
0.3%

ACM
87.5%

Figure 4. Distribution of Research Rapers - Computation Offloading

Similarly, we found a total of 148 research papers across all three databases for resource provisioning. Out of
which, IEEE, MDPI and ACM account for 77,1, and 70 research papers respectively, as seen in Figure 5.

Figure 5. Distribution of Research Papers - Research Provisioning



Similarly, we found a total of 1663 research papers across all three databases for resource allocation. Out of
which, IEEE, MDPI and ACM account for 1567,30, and 66 research papers respectively, as seen in Figure 6.

ACM

MDPI
1.8%

IEEE
94 7%

Figure 6. Distribution of Research Papers - Resource Allocation

2.2.1 Computational Offloading

Computation offloading in edge computing refers to the process of transferring computationally intensive
tasks from a mobile device or endpoint to an edge device or server located closer to the user. Computation
offloading can help reduce energy consumption and increase the battery life of endpoint devices, while also
providing faster response times and improved user experience. Static and dynamic computation offloading
are two different approaches to moving computation tasks from edge devices to servers in edge computing.
Static computation offloading is more suitable for applications with predictable workload and resource

requirements.
The following keywords were used to categorize the research papers on computational offloading.

e Partial: The process of distributing computation tasks between edge devices and the edge server/node
to optimize the performance.

e Binary: This criterion specifies whether all the computation tasks are offloaded to edge nodes or none,
thatis 0 or 1.

e Distributed / Decentralized: Computation offloading technique where a computation task is divided
into smaller sub-tasks and distributed across multiple edge devices for parallel processing.

e Centralized: Centralized technique to complete all computation tasks at an edge node.



e Simulation: If experiments were conducted to evaluate the algorithm for computation offloading.

e MEC: If the proposed computation offloading algorithm in the paper is applicable to multi access edge
computing.

e Objective: This criterion specifies the goal of the research such as energy, latency, network
congestion.

e Technique: The technique used to develop the algorithm.

Papers [10-38] were analyzed, and the results were summarized in Figures 7-13.
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Figure 13. Category: Technique for Computational Offloading

2.2.2 Resource Provisioning

Resource provisioning refers to the process of preparing and making resources available for use by

cloud/remote servers. It involves discovering available resources, preparing them for use, and making them

available to applications and services. This can include tasks such as configuring servers, setting up network

connections, and preparing storage resources. By provisioning resources at the edge, data can be processed

locally, reducing the amount of data that needs to be transmitted over the network, and potentially lowering

network congestion and bandwidth costs. Edge computing can help optimize bandwidth usage by reducing

the need to send large amounts of data to the cloud for processing.

The following keywords were used to categorize the research papers on resource provisioning. The results

can be found in Table 2.

Static: This approach assumes that the resource requirements for edge computing workloads are known
in advance and remain relatively constant over time.

Dynamic: This approach involves allocating resources based on the current demands of the workload.

MEC: If the proposed resource provisioning algorithm in the paper is applicable to multi access edge
computing.

Simulation: If experiments were conducted to evaluate the algorithm for resource provisioning.
Obijective: The goal of the research such as energy, latency, and network congestion.
12



e Technique: The technique used to develop the algorithm.

Papers [62-81] were analyzed, and the results were summarized in Figures 14-18.
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2.2.3 Resource Allocation

It refers to the process of assigning specific resources to individual applications or services. It involves
managing the allocation of computing power, memory, storage, and network bandwidth to ensure that
resources are used efficiently and effectively. This can include tasks such as assigning processing power to
specific applications, allocating memory resources, and managing network bandwidth. Resource provisioning
is a prerequisite for resource allocation, as resources must be prepared and made available before they can be
allocated to applications and services. Resource allocation in edge computing refers to the process of
distributing computing resources such as CPU, memory, storage, and bandwidth to various edge devices or
nodes, based on their requirements and availability. Some of the common techniques used in resource
allocation in edge computing include load balancing, dynamic resource allocation, and task scheduling

algorithms.
The following keywords were used to categorize the research papers on resource allocation.

e Centralized technique: A central entity, such as a server/ edge node, controls and manages the
allocation of resources to edge devices, such as sensors, mobile devices, and 10T devices.

e Distributed technique: Edge devices exchange information about their resource availability and usage
patterns with each other and make decisions about resource allocation based on this information. This

14



can be done using various techniques, such as peer-to-peer networking, blockchain-based systems, or
distributed algorithms.

e Storage: To filter resource allocation research papers if they account for storage requirements.
e Compute/ CPU: To filter resource allocation research papers if they account for CPU requirements.

e Networks/ Communication/ Bandwidth: To filter resource allocation research papers if the resources
also involve the network requirements.

e MEC: If the proposed resource allocation algorithm in the paper is applicable to multi access edge
computing.

e Objective: The goal of the research such as energy, and latency.

e Technique: The technique used to develop the algorithm.

Papers [59-87] were analyzed, and the results were summarized in Figures 19-23.
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2.2.4 Resource Scheduling

In our research, we are tackling a subset of Resource Allocation, which is resource scheduling. The following

is research work which focuses on task scheduling algorithms.

A scheduling approach based on virtualization technology is proposed by Mtshali et al. [88] to improve
the average delay and energy consumption of real-time applications in a fog computing environment.
iFogSim was used to run simulations. The findings show that compared to alternative algorithms, the
FCFS scheduling policy resulted in a reduction in energy consumption, average task delay, network
usage, and execution time.
A scheduling technique is proposed by Mukherjee et al. [89] with the goal of guaranteeing network
stability and maximizing the number of completed tasks executed within their respective deadlines.
The method schedules tasks on fog nodes using the Lyapunov drift-plus-penalty function on the queue
length. According to the simulation results, the suggested approach works better than baseline
algorithms such as random scheduling and Lyapunov drift.
A scheduling method based on the hybrid heuristic (HH) algorithm is put forth by Wang et al. [90]
and is capable of processing jobs for terminal devices with high energy consumption and low
computing power in an efficient and real-time manner. The outcomes of the experiment show that the
suggested approach performs better than alternative approaches and is a good fit for maximizing the
efficiency of smart manufacturing.
Jamil et al. [91] have proposed a novel scheduling algorithm for fog computing that aims to optimize
delay and network utilization for 10E (Internet of Everything) device service provisioning. They
assessed their algorithm using iFogSim and compared it against current methods, with delay and
energy consumption and network usage taken into account as performance measures. The results show
that the suggested scheduling technique is effective in optimizing these performance measures, when
compared to the First-Come-First-Serve (FCFS) method.
To assign an optimal set of tasks to fog nodes while satisfying the quality of service (QoS)
requirements of Cyber-Physical-Systems (CPS) applications in a way that minimizes the total
execution time of tasks, Ghobaei-Arani et al. [92] propose a scheduling algorithm based on the moth-
flame optimization algorithm. The proposed algorithm treats the reduction of transfer time and task
execution as objective functions. With reduced overall execution time consumption than previous
methods, the experimental findings from simulation based on the proposed algorithm demonstrate that
the optimal solution for task scheduling and equal distribution of tasks to fog nodes has been achieved.
17



A study by Azizi et al. [93] proposed two new resource scheduling methods, namely priority-aware
semi-greedy (PSG) and PSG with multi-start procedure (PSG-M), that outperform existing techniques.
These methods improve how tasks are assigned to computing resources, resulting in significant
benefits. The proposed methods achieve a greater percentage of tasks meeting deadlines, lower overall
energy consumption, a much larger reduction in the total deadline violation time, and faster completion
times for all tasks. Overall, these new resource scheduling methods significantly improve the
efficiency of the system in terms of deadline requirements and deadline violation time.

Islam et al. [94] propose a Reinforcement Learning (RL) system to manage resources in a Spark cluster
deployed on the cloud. They developed two schedulers based on Deep Reinforcement Learning (DRL)
within the TF-Agents framework. These DRL-based schedulers enable agents to learn job
characteristics, aiming to decrease both overall cluster VM usage costs and average job duration. The
findings indicate that the DRL-based algorithms significantly reduce VM usage.

Jayanetti et al. [95] present a deep reinforcement learning-based scheduling framework that uses a
distinct hierarchical action space to distinguish between edge and cloud nodes. Evaluation metrics
including energy usage, execution time, percentage of deadline adherence, and percentage of jobs
completed are used to evaluate the framework against a variety of baseline algorithms. Their suggested
framework performed significantly better than the baselines, by greatly optimizing energy
consumption and execution time while keeping execution time and energy efficiency on par with the

optimized baselines.

Unlike existing research efforts, we will build a resource scheduling algorithm that optimizes both time and
energy, taking advantage of an MCDA-based approach. In addition, we will investigate this algorithm’s

performance in an environment with a relatively higher number of tasks and a lower magnitude of resources,

which is typical of a fog environment. This will be done using the CloudSim Plus framework.

Table 1 summarizes the research papers considered for the related work and compares the related work with

TETRA.
Table 1. Comparison of Research Rapers - Task Scheduling Algorithms
References Multiple MCDA Fog CloudSim Plus
Obijective Algorithm Environment Support
Optimization Support
[88] v X v X
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Chapter 3: Proposed Model

This chapter delves into TETRA’s resource scheduling optimization strategy, including its design and
deployment. To optimize energy consumption and makespan, TETRA employs a multi-objective MCDA
approach called TOPSIS. This approach considers available resources and their capabilities to determine the
optimal mapping between cloudlets and resources. In addition, the model is compared with other baseline
algorithms like Best-Fit, Greedy, and First-Fit algorithms.

The model consists of seven components: (a) pre-scheduling, (b) pre-processing, (c) post-filtration, (d)
scheduling, (e) cloudlet execution, (f) energy consumption estimation, and (g) makespan estimation. Each
component is explained in detail in this chapter. Before delving into the components, we will first discuss the
deployment of this model. By introducing the TETRA model, we make the following hypothesis.

Hypothesis: MCDA methods such as TOPSIS can be utilized for effective scheduling in data center
environments.

3.1 Model Deployment

TETRA can typically be deployed on loT gateways on the fog layer. This placement enables it to be a hybrid
system model; that is, it can allocate tasks/cloudlets to fog resources as well as cloud resources. TETRA uses
a TOPSIS-based algorithm that considers the various specifications of resources that exist across both layers.
By considering the specifications of all the available resources, finding the best matching resource that can be
allocated for executing the task/ cloudlet is possible. At any given time, multiple resources might be available
to execute a cloudlet. As part of our hybrid system model, we try to identify the ‘ideal’ match that would
optimize energy consumption and makespan globally.

The following are key terminologies that will be used throughout the thesis.

e Device: A device is defined as the entity representing an 10T device residing in the outermost — devices
layer.

e Task/Cloudlet: Atask ora cloudlet is an executable piece of code that a device offloads to be executed
on a more computationally complex resource than itself. An example of a task would be a smart camera
at the entrance of a business requesting a Machine Learning (ML) service to identify authorized people
within images.

e Gateway: An entity capable of receiving tasks from the devices layer and routing them to the
appropriate resource.
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e Resource: An entity capable of executing tasks. It represents a combination of physical hardware
components such as RAM (random-access memory), storage, and processor. Resources vary in degree
of computational complexity.

Figure 24 shows our proposed hybrid system model. The layers are explored further in this section.

Devices Layer Fag Layer Cloud Layer

=] L |
Y
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@ \ loT Gateway l
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‘ 1
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Figure 24. Model Deployment

3.1.1 Devices Layer

The devices layer serves as the outermost layer of the Internet of Things (1oT) ecosystem, encompassing a
diverse array of interconnected devices equipped with specialized sensors designed to gather and transmit
data. These devices represent a crucial link in the data collection chain, acting as the frontline data gatherers

in various environments ranging from industrial settings to smart homes.

Through their sensors, these 10T devices gather a huge amount of data that must be processed to provide
crucial functionality. However, due to inherent constraints such as limited processing power, storage capacity,
and energy resources like battery life, these devices often find themselves challenged when executing

computationally intensive tasks or performing complex data analysis.

To overcome these limitations, 10T devices leverage the collaborative power of the fog and cloud layers,
strategically offloading tasks that exceed their capabilities to these higher-level computing platforms. The
fog layer, comprising localized computing resources situated closer to the edge of the network, provides
immediate processing capabilities for time-sensitive tasks while reducing latency and alleviating bandwidth

congestion.
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Meanwhile, the cloud layer offers vast computational resources and storage capacity, making it an ideal
environment for executing complex analytics, machine learning algorithms, and long-term data storage.

Examples of 10T devices span a wide spectrum of applications and industries, including but not limited to:

e Smart thermostats: Devices designed to regulate temperature in homes and commercial buildings by
monitoring environmental conditions and adjusting heating or cooling systems accordingly.

e Industrial sensors: Embedded sensors within manufacturing equipment and machinery that collect
real-time data on performance metrics, enabling predictive maintenance and process optimization.

e Wearable health monitors: Compact devices worn on the body to track vital signs such as heart rate,
blood pressure, and activity levels, providing valuable insights for personal health management and
medical research.

e Smart agriculture sensors: Deployed in agricultural fields to monitor soil moisture levels, temperature,
and crop health, optimizing irrigation schedules, and maximizing yield.

e Connected vehicles: Equipped with sensors and telematics systems to gather data on driving behavior,
vehicle performance, and environmental conditions, enhancing safety, efficiency, and convenience on
the road.

In essence, the devices layer represents the foundational building blocks of the 10T ecosystem, connecting the
physical world with the digital realm and paving the way for transformative innovations across industries and

domains.

3.1.2 loT Gateway

An loT gateway serves as an intermediary node located at the edge of fog layer which contains information
of all the available resources, spanning from localized fog resources to the expansive capabilities offered by
the cloud layer. TETRA typically is designed to operate within a fog gateway. The gateway receives tasks
from the devices layer and executes the optimization algorithm and allocates a resource to each task.
Throughout this optimization process, the algorithm effectively attempts to keep energy consumption and

makespan low.

3.1.3 Fog Layer

The fog layer represents the first layer which contains resources capable of executing tasks that have been
offloaded by the devices layer. The resources at this level are not computationally complex but offer

advantages such as low latency due to proximity to the device’s layer. Examples of fog resources are micro
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data centers, fog gateways and other such resources that are powerful enough to execute tasks that do not

require extremely high processing power, memory, or storage.

3.1.4 Cloud Layer

The cloud layer, while sharing similarities with the fog layer in its composition of multiple resources, stands
apart in terms of its scale and sophistication. Unlike the fog layer, which boasts proximity advantages and
rapid response times, the cloud layer is characterized by its expansive computational infrastructure, offering

unparalleled processing power, vast memory capacities, and extensive storage capabilities.

Within the cloud layer, a myriad of high-performance servers and data centers converge to form a formidable
computing ecosystem capable of handling a diverse array of workloads. This layer usually contains resources

capable of executing tasks in fields such as Machine Learning (ML), Artificial Intelligence (Al), and big data.

3.2 Architecture

Our model operates on a layer above the CloudSim Plus framework. The architecture of our TETRA model

is shown in Figure 25.
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Figure 25. TETRA Architecture

TETRA builds on the CloudSim Plus framework, consisting of the following components.

User Requirements: This component contains the main class where the user specifies various
parameters such as number of resources, number of cloudlets and the scheduling algorithm to be used.
Resource Configuration: This component contains multiple classes to deliver functionalities such as
reading Host and VM specifications from excel sheets, creating data center, hosts and VMs using the
specifications read from the sheets.

Cloudlet Configuration: This component is used to create cloudlets. The user has control over
parameters such as magnitude and size of cloudlet.

Scheduler: The component contains the logic for the novel TOPSIS-based algorithm and the other
baseline algorithms. Using these algorithms, each task is mapped to a resource. This mapping is
forwarded to the broker in CloudSim Plus framework for execution. This broker oversees submission
of cloudlets to VMs and the execution of these cloudlets on these VMs. It manages the creation and
destruction of VMs.

Energy Consumption and Makespan Estimator: This component contains the class

“CalculateEnergyMakespanCost.java™. It performs the following functionalities.
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o Calculate the total energy consumption of all the resources in the datacenter.
o Calculate the makespan.

3.3 Process

This section describes the entire process flow of our proposed TETRA model. Figure 26 shows the flow-chart

of the process that takes place within our model. It summarizes both the data and the logical flow of the model.
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3.3.1 Inputs
Table 2 contains the inputs to the First-Fit Algorithm (FFTA) within the TETRA model.

Table 2. Model Inputs

Input Description

Host.csv Excel sheet that contains specifications of the Physical Machines on
which VMs are hosted.

VM.csv Excel sheet that contains specifications of VMs.

Number of cloudlets | The total number of cloudlets to be executed in each simulation.

Type of Algorithm | The type of algorithm to be used for each simulation. Options are
TETRA, First-Fit, Best-Fit and Greedy.

Competition Factor | Used as a pre-filtration criterion. Used to decide the competition
amongst resources (hosts + VMs)

Post filtration Used as a post-filtration criterion only for TETRA algorithm.

3.3.2 Pre-Scheduling Steps

Before utilizing resource scheduling algorithms to allocate cloudlets to resources, there are certain pre-

scheduling steps that are required in order to create a real-world 10T environment.

3.3.2.1 Create Datacenter

Using CloudSim Plus, we create a datacenter. This datacenter contains physical machines (Hosts). These hosts
are of different configurations based on the specifications provided in the Host.csv file. The competition factor
determines how many hosts are created. A lower number indicates higher competition whereas a higher

number indicates a lower competition amongst the resources as there are more resources available.

3.3.2.2 Create Virtual Machines

As a next step, we create VMSs (resources) which typically are hosted on the Hosts created in the previous
step. These VMs are capable of executing cloudlets. The competition factor determines how many VMs can
be created. A lower number indicates higher competition whereas a higher number indicates a lower

competition amongst the resources as there are more resources available.
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3.3.2.3 Create Cloudlets

We create a specific number of cloudlets as specified by the user input. Table 3 contains the specifications of
each cloudlet.

Table 3. Cloudlet Specifications

Attribute Description
fileSize Size (in bytes) before execution
outputSize Size (in bytes) after execution
numberOfCPUCores | Number of VM CPU cores required by the cloudlet for execution

3.3.3 Pre-Processing

TETRA compares our novel TOPSIS-based algorithm against three baseline resource scheduling algorithms.
The following are the pre-processing steps for the various algorithms we employed. This step involves
arranging the resources in a specific order based on the algorithm.

3.3.3.1 First-Fit Algorithm

No pre-processing is involved for this algorithm.

3.3.3.2 Best-Fit Algorithm

In this step, we arrange the VMs based on their computational capabilities. In particular, we sort the VMs
based on the total number of CPU cores they possess in a non-decreasing order. This ensures that cloudlets
can be mapped to resources with a lower number of cores first. Such a prioritization will typically results in

lower energy consumption and higher resource utilization as there is a lower wastage of cores.

3.3.3.3 Greedy Algorithm

This algorithm sorts the VMs based on their CPU cores in a decreasing order. This ensures that the cloudlets
are mapped to resources with a higher number of cores first. Such a prioritization typically results in reduced
resource utilization. Nevertheless, under specific circumstances, it may yield advantages in terms of

diminished makespan.
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3.3.3.4 TOPSIS Algorithm

A critical component of TETRA is the multi-criteria-decision-analysis (MCDA) method that is used to rank
the resources so that the appropriate allocation decision can be taken. MCDA methods are widely used in
various fields such as Operations Research in order to evaluate alternatives based on multiple criteria. These
methods often help decision-makers to select the best alternative from a set of options, where the options have
different trade-offs between different criteria. Some common MCDA methods are TOPSIS, AHP, ELECTRE,
and PROMETHEE [103-104]. Among these methods, we have identified the TOPSIS method for usage within
our proposed TETRA model due to its simplicity, flexibility, and ability to handle both quantitative and
qualitative criteria. One of the advantages of using TOPSIS over the other MCDA methods is that it provides

a clear ranking of alternatives, making it easy for decision-makers to choose the best option.

3.3.3.4.1 MCDA Method — TOPSIS

This method is based on the concept of identifying the alternative (resource) that is closest to the ideal solution
and furthest from the worst solution. TOPSIS uses a set of weighted criteria to evaluate the options and ranks

them based on their similarity to the ideal solution.

Table 4 contains the attributes we selected to identify and rank the available resources.

Table 4. Resource Attributes

Attribute Description
MIPS MIPS, or Million Instructions Per Second is an approximate measure of
computer’s raw processing power, representing the number of instructions it
can execute within a single second [105].
CPU Cores | The number of cores the resource possesses.
RAM Random-access memory is the main memory of the resource.
TDP Thermal Design Power refers to the power consumption under the maximum
theoretical load [106].

For each cloudlet, a table is created for all the available resources. Table 5 presents a sample decision matrix
for the TOPSIS algorithm.

Table 5. Mock Decision Matrix

VM # MIPS CPU Cores RAM (GB) TDP (W)
VM1 400 4 8 150
VM2 500 8 16 300
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VM3 110 4 16 115
VM4 300 16 215
VM5 700 16 16 300

oo

Based on these values, a normalized matrix is created by populating each cell of the matrix using Equation 1.
xij

Z" ) Equation 1[107]
i
j=1

where X;; is the normalized value of the cell with coordinates (i, ). x;; refers to the value in the cell with
coordinates (i, j) in the original matrix. As a next step, the weighted normalized decision matrix is created by
multiplying each value in a column with the corresponding user-specified weight of the attribute associated
with that column. Then, the ideal best and the ideal worst are calculated. This depends on whether the attribute
is beneficial or not. In case an attribute is beneficial, the ideal best is the maximum value in that particular
column and the ideal worst is the minimum value in that particular column. The case is reversed if the attribute

is not beneficial.

Now, we calculate the Euclidean distance from the ideal best for elements in all rows, using Equation 2.

m
St = Z(vi]. — v].+)2 Equation 2 [107]
j=1

where v;; is the value in the cell with coordinates (i, j), v]-+ is the ideal best of column j and m is the number

of alternatives. Similarly, the Euclidean distance from the ideal worst is calculated using Equation 3.

m
S; = Z(UU — v].-)z Equation 3 [107]
j=1

Then the performance score for each alternative (resource) will be calculated using Equation 3.
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Si
eSS -
i T Equation 4[107]
where P; is the performance score of row i.

Finally, the alternatives (resources) will be ranked in decreasing order of their performance score. So, the
resource with the highest performance score will be the best alternative and the resource with the lowest

performance score will be the worst alternative.

3.3.3.4.2 Weight Estimation Method

TETRA uses a manual weight estimation method. The user gets to choose the weights for each attribute.
Among other factors, changing the weights of attributes changes the ranking of the alternatives as well. The
user should distribute the weights in such a way that globally energy consumption is reduced while keeping
the makespan low.

Table 6 contains a sample weight distribution for the attributes.

Table 6. Sample attribute weight distribution

MIPS (%) CPU Cores (%) RAM (%) TDP (%)
40 30 5 25

In Chapter 6, we will conduct several experiments where the weight distribution among the attributes is
changed while other experiment parameters are kept constant to arrive at a configuration/s that satisfy the

optimization goals.

3.3.4 Post Filtration

Once the resources are ranked using the TOPSIS algorithm. Executing tasks on higher ranked resources will
lead to lower energy consumption and lower makespan. To ensure this, the user can specify post-filtration
criterion p. The top p percentage of resources are filtered and selected for task execution. To make sure there
IS no bias and other algorithms have access to similar number of resources, the same post filtration criterion

is applied in other scheduling algorithms as well.

The First-Fit algorithm scheduler applies this criterion by choosing a p percentage of resources randomly.
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The Greedy and Best-Fit algorithm scheduler applies this criterion by choosing the top p percentage of

resources.
3.3.5 Resource Scheduling

In this step we iterate through a list of cloudlets, mapping each one to the first available resource capable of
executing it, and cycle through the resource list in a circular manner.

3.3.6 Cloudlet Execution

The mapping the previous step is passed to the broker in CloudSim Plus framework for execution. The broker
returns a list of finished cloudlets using the “getCloudletFinishedList()” method.

3.3.7 Energy Consumption Estimation

The total energy consumption of the datacenter is estimated by calculating the total energy consumed by

executing all the cloudlets. It is represented by the following pseudocode:

Total_energy = ©
for cloudlet in finished cloudlets:

currVM = cloudlet.getVM()

currCoresVM = currVM.getCores()
currCoresHost = currVM.getHost().getCores()
tdp = currVM.getTDP()

execTime = cloudlet.finishedTime() - cloudlet.startTime()

energy = (((currCoresVM/currCoresHost)*tdp)/1000)*(execTime/3600)

energy *= 3600000

total_energy += energy

return total_energy

Figure 27. Energy consumption estimation pseudocode
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With the energy consumption estimated above, the total data center cost associated with executing all the
cloudlets can also be estimated. For instance, if the data center is in a state where the electricity rate is 13

¢/kWh. Then the total cost can be estimated using Equation 5.

Total Cost = energy *13 Equation 5

3.3.8 Makespan Estimation

The total makespan is defined as the maximum execution time of a cloudlet across all VMs. It is calculated
by the following the process:

makespan = -math.inf

vmExecTimes = []
for I in range(@,vmList.size()):
vmExecTimes.append (@)

cloudlet in finished cloudlets:

currVM = cloudlet.getVM()

execTime = cloudlet.finishedTime() - cloudlet.startTime()

vmIdx = cloudlet.getVM().getId()

curreExTime = vmExecTimes[vmIdx]
vmExecTimes[vmIdx] += execTime
totalExecTime in vmExecTimes:

if totalExecTime > makespan:
makespan = totalExecTime

return makespan

Figure 28. Makespan estimation pseudocode
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Chapter 4. Evaluation

The primary goal of our experiments is to identify the ideal weight configurations at which our FFTA
optimizes both energy consumption and makespan algorithm under a wide range of conditions. To this extent,
we test our algorithm under various scenarios, varying in the degree of available VMs and cloudlets. The
number of cloudlets varies from 100 to 1000. The initial number of hosts and VMs vary from 73 and 153,

respectively to 292 and 612, respectively.
Table 7 shows the attributes we consider for ranking the resources.

Table 7. Resource Attributes for TOPSIS Algorithm

Attribute Beneficial
MIPS V4
CPU Cores X
TDP X

We regard MIPS as a beneficial attribute because the higher the MIPS of a virtual machine (VM), the greater
the number of instructions it can execute per second, thereby leading to faster execution times. This contributes

to minimizing the makespan, ensuring quicker completion of tasks.

We consider the number of cores of VM (CPU Cores) to be a non-beneficial attribute. Typically, resources
with higher core counts are not as energy efficient. Thus, our aim is to identify resources that closely match

the CPU core requirements of the cloudlets. This strategy results in reduced energy consumption.

Next, we regard TDP as a non-beneficial attribute. This is because the lower the TDP rating of a resource, the

less energy it consumes.

In this section we group the results into three groups. The first group represents low competition amongst the
resources. The second and the third groups represent medium and high competition. As we move from the
first group to the third group, the number of resources drastically reduces, creating a progressively more

challenging environment for resource scheduling optimization.
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We repeat a series of experiments for each group. Each experiment differs based on the TOPSIS weight
distribution for each attribute. The weight for each attribute is tested across the range (0,100). Table 8 presents

the weight distribution for each of the experiments we conducted.

Table 8. Attribute Weight Distribution

=t =1 = =3 o S &
= S o 2
5 = -
1 292 612 60 367 Low 0 0 100
2 292 612 60 367 Low 20 0 80
3 292 612 60 367 Low 50 0 50
4 292 612 60 367 Low 80 0 20
5 292 612 60 367 Low 0 100 0
6 292 612 60 367 Low 0 80 20
7 292 612 60 367 Low 0 50 50
8 292 612 60 367 Low 0 20 80
9 292 612 60 367 Low 100 0 0
10 292 612 60 367 Low 80 20 0
11 292 612 60 367 Low 50 50 0
12 292 612 60 367 Low 20 80 0
13 292 612 60 367 Low 50 25 25
14 292 612 60 367 Low 25 50 25
15 292 612 60 367 Low 25 25 50
16 146 306 60 183 Medium 0 0 100
17 146 306 60 183 Medium 20 0 80
18 146 306 60 183 Medium 50 0 50
19 146 306 60 183 Medium 80 0 20
20 146 306 60 183 Medium 0 100 0
21 146 306 60 183 Medium 0 80 20
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22| 146 306 60 183 | Medium | 0 50 50
23| 146 | 306 60 183 | Medium | 0 20 80
24| 146 306 60 183 | Medium | 100 0 0
25| 146 306 60 183 | Medium | 80 20 0
26| 146 | 306 60 183 | Medium | 50 50 0
27| 146 306 60 183 | Medium | 20 80 0
28| 146 | 306 60 183 | Medium | 50 25 25
29| 146 306 60 183 | Medium | 25 50 25
30| 146 | 306 60 183 | Medium | 25 25 50
31| 73 153 60 01 High 0 0 100
32| 73 153 60 01 High 20 0 80
33| 73 153 60 01 High 50 0 50
34| 73 153 60 01 High 80 0 20
3B| 73 153 60 01 High 0 100 0
36| 73 153 60 01 High 0 80 20
37| 73 153 60 01 High 0 50 50
8| 73 153 60 01 High 0 20 80
39| 73 153 60 01 High 100 0 0
40| 73 153 60 01 High 80 20 0
41| 73 153 60 01 High 50 50 0
42| 73 153 60 01 High 20 80 0
43| 713 153 60 01 High 50 25 25
44| 73 153 60 01 High 25 50 25
45| 73 153 60 01 High 25 25 50

5.1 Low Resource Competition (LRC)

This group of experiments represents cases where resources are abundant. There are 612 VVMs hosted on 292
hosts. The post-filtration VM count is 367. The number of cloudlets ranges from 100 to 1000 in increments
of 100. Thus, the ratio of cloudlets to VMs is ~3:1.

Experiment 1-15 represent this group.
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5.1.2 Low Resource Competition Results

Results in Figures 29-43 represent the experiments 1 through 15 which vary in terms of the weight
configuration ranging between 0 to 100 for each of the considered attributes including MIPS, CPU cores, and
TDP. Each figure presents energy consumption and makespan results across varying number of cloudlets
(tasks) along with a comparison among four specific types of algorithms including First Fit Algorithm (FFA),
First Fit with TOPSIS Algorithm (FFTA), Best Fit Algorithm (BFA), and Greedy Algorithm (GA).
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Figure 29. Experiment 1 FFTA weight configuration: MIPS=0%, CPU Cores=0%, TDP=100% (a) Energy
Consumption (b) Makespan
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Experiment 2 Energy Consumption Experiment 2 Makespan
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Figure 30. Experiment 2 FFTA weight configuration: MIPS=0%, CPU Cores=20%, TDP=80% (a) Energy
Consumption (b) Makespan
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Figure 31. Experiment 3 FFTA weight configuration: MIPS=50%, CPU Cores=0%, TDP=50% (a) Energy
Consumption (b) Makespan
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Experiment 4 Energy Consumption
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Figure 32. Experiment 4 FFTA weight configuration: MIPS=80%, CPU Cores=0%, TDP=20% (a) Energy
Consumption (b) Makespan
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Figure 33. Experiment 5 FFTA weight configuration: MIPS=0%, CPU Cores=100%, TDP=0% (a) Energy
Consumption (b) Makespan
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Experiment 6 Energy Consumption Experiment 6 Makespan
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Figure 34. Experiment 6 FFTA weight configuration: MIPS=0%, CPU Cores=80%, TDP=20% (a) Energy
Consumption (b) Makespan
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Figure 35. Experiment 7 FFTA weight configuration: MIPS=0%, CPU Cores=50%, TDP=50% (a) Energy
Consumption (b) Makespan
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Experiment 8 Energy Consumption Experiment 8 Makespan
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Figure 36. Experiment 8 FFTA weight configuration: MIPS=0%, CPU Cores=20%, TDP=80% (a) Energy
Consumption (b) Makespan
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Figure 37. Experiment 9 FFTA weight configuration: MIPS=100%, CPU Cores=0%, TDP=0% (a) Energy
Consumption (b) Makespan
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Experiment 10 Energy Consumption
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Figure 38. Experiment 10 FFTA weight configuration: MIPS=80%, CPU Cores=20%, TDP=0% (a) Energy
Consumption (b) Makespan
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Figure 39. Experiment 11 FFTA weight configuration: MIPS=50%, CPU Cores=50%, TDP=0% (a) Energy
Consumption (b) Makespan
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Experiment 12 Energy Consumption Experiment 12 Makespan
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Figure 40. Experiment 12 FFTA weight configuration: MIPS=20%, CPU Cores=80%, TDP=0% (a) Energy
Consumption (b) Makespan

Experiment 13 Energy Consumption Experiment 13 Makespan
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Figure 41. Experiment 13 FFTA weight configuration: MIPS=50%, CPU Cores=25%, TDP=25% (a) Energy
Consumption (b) Makespan

43



Experiment 14 Energy Consumption
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Figure 42. Experiment 14 FFTA weight configuration: MIPS=25%, CPU Cores=50%, TDP=25% (a) Energy
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Figure 43. Experiment 15 FFTA weight configuration: MIPS=25%, CPU Cores=25%, TDP=50% (a) Energy
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Table 9 presents detailed results summarizing experiments 1 through 15 for LRC.
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Table 9. LRC Results for Experiments 1-15

I'><|'I I_—I|_I — — — I_—I_|I — I'_I|'I —
3 O < O < @) < (@ <
= m m oy} o
= n M n T o8] T o >
3 Tl — T1 > T > >
T N > > ~ > = D
® | o= 2 g g =
[ N

1 |2175.80] 920.04 | 2965.58 | 1127.14 | 2124.87 | 789.33 | 3698.73 | 1065.37

2 |2144.60| 754.64 | 2965.48 | 1119.21 | 2124.87 | 789.33 | 3698.73 | 1065.37

3 |2114.45| 748.38 | 2962.14 | 1119.21 | 2124.87 | 789.33 | 3698.73 | 1065.37

4 |2054.28| 693.63 | 2948.15 | 1119.21 | 2124.87 | 789.33 | 3698.73 | 1065.37

5 |2122.63] 789.33 | 2970.37 | 1119.34 | 2124.87 | 789.33 | 3698.73 | 1065.37

6 |2125.88| 789.18 | 3001.31 | 1127.26 | 2124.87 | 789.33 | 3698.73 | 1065.37

7 |2139.79| 789.18 | 2974.82 | 1127.14 | 2124.87 | 789.33 | 3698.73 | 1065.37

8 |2146.32| 786.37 | 2977.32 | 1119.57 | 2124.87 | 789.33 | 3698.73 | 1065.37

9 |1994.45| 364.71 | 2942.60 | 1126.81 | 2124.87 | 789.33 | 3698.73 | 1065.37

10 |2009.06| 608.81 | 2954.62 | 1119.21 | 2124.87 | 789.33 | 3698.73 | 1065.37

11 |2107.73| 751.39 | 2927.26 | 1122.24 | 2124.87 | 789.33 | 3698.73 | 1065.37

12 |2119.34| 751.28 | 2969.70 | 1119.09 | 2124.87 | 789.33 | 3698.73 | 1065.37

13 |2107.27| 751.39 | 2977.28 | 1127.26 | 2124.87 | 789.33 | 3698.73 | 1065.37

14 |2107.73| 751.39 | 2955.94 | 1119.34 | 2124.87 | 789.33 | 3698.73 | 1065.37

15 |2122.59| 748.27 | 2960.07 | 1127.26 | 2124.87 | 789.33 | 3698.73 | 1065.37

5.1.2.1 Energy Consumption Results

Table 10 presents a comparison of the energy consumption performance of FFTA with FFA, BFA, and GA in
LRC environment. The comparison is in terms of the percentage of performance improvement. A negative
value indicates an optimization in terms of the total energy consumption. As the goal of TETRA is to optimize
energy consumption compared to the baseline algorithms, the negative values are favorable outcomes and are

color-coded green in the table. In cases where FFTA performs worse, the values are color-coded red.
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Table 10. LRC Energy Consumption Results Comparison

Experiment # Pl FFA (%) Pl BFA (%) Pl GA (%)
1 -26.63 +2.39 -41.17
2 -27.6 +0.92 -42.01
3 -28.6 -0.49 -42.83
4 -30.31 -3.32 -44.45
5 -28.53 -0.10 -42.61
6 -29.16 +0.00 -42.52
7 -28.00 +0.70 -42.14
8 -27.9 +1.00 -41.97
9 -32.22 -6.13 -46.07
10 -32.00 -5.450 -45.68
11 -28.66 -0.80 -43.01
12 -28.63 -0.26 -42.70
13 -28.71 -0.82 -43.02
14 -28.69 -0.80 -43.01
15 -28.29 -0.10 -42.61

5.1.2.2 Makespan Results

Table 11 presents a comparison of the makespan performance of FFTA with FFA, BFA, and GA in a LRC
data center environment. The comparison is in terms of the percentage of performance improvement. A
negative value indicates an optimization in terms of the total makespan. As the goal of TETRA is to optimize
makespan compared to the baseline algorithms, the negative values are favorable outcomes and are color-

coded green in the table. In cases where FFTA performs worse, the values are color-coded red.
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Table 11. LRC Makespan Results Comparison

Experiment # Pl FFA (%) Pl BFA (%) Pl GA (%)
1 -18.37 +16.55 -13.64
2 -32.57 -4.39 -29.16
3 -33.13 -5.18 -29.75
4 -38.025 -12.12 -34.89
5 -29.48 0.00% -25.90
6 -29.99 -0.019 -25.92
7 -29.98 -0.019 -25.92
8 -29.76 -0.37 -26.18
9 -67.63 -53.79 -65.76
10 -45.60 -22.86 -42.85
11 -33.04 -4.80 -29.47
12 -32.86 -4.82 -29.48
13 -33.34 -4.80 -29.47
14 -32.87 -4.80 -29.47
15 -33.62 -5.20 -29.76

5.2 Medium Resource Competition (MRC)

In this group of experiments, we increase the competition rate amongst resources. Unlike LRC, MRC
environment therefore has higher level of competition between tasks finding available resources to execute
them. In this MRC setting, we employed 306 VMs hosted on 146 hosts. The post-filtration VM count is 183.
The number of cloudlets ranges from 100 to 1000 in increments of 100. Thus, the ratio of cloudlets to VMs is

~5:1. Experiments 16-30 represent the ones that involve MRC setting.
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5.2.1 Medium Resource Competition Results

Results in Figures 44-58 represent experiments 16 through 30 which vary in terms of the weight configuration
ranging between 0 to 100 for each of the considered attributes including MIPS, CPU cores, and TDP. Each
figure presents energy consumption and makespan results across varying number of cloudlets (tasks) along
with a comparison among four specific types of algorithms including First Fit Algorithm (FFA), First Fit with
TOPSIS Algorithm (FFTA), Best Fit Algorithm (BFA), and Greedy Algorithm (GA).
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Figure 44. Experiment 16 FFTA weight configuration: MIPS=0%, CPU Cores=0%, TDP=100% (a) Energy
Consumption (b) Makespan
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Experiment 17 Energy Consumption Experiment 17 Makespan
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Figure 45. Experiment 17 FFTA weight configuration: MIPS=0%, CPU Cores=20%, TDP=80% (a) Energy
Consumption (b) Makespan
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Figure 46. Experiment 18 FFTA weight configuration: MIPS=50%, CPU Cores=0%, TDP=50% (a) Energy
Consumption (b) Makespan
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Experiment 19 Energy Consumption Experiment 19 Makespan
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Figure 47. Experiment 19 FFTA weight configuration: MIPS=80%, CPU Cores=0%, TDP=20% (a) Energy
Consumption (b) Makespan
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Figure 48. Experiment 20 FFTA weight configuration: MIPS=0%, CPU Cores=100%, TDP=0% (a) Energy
Consumption (b) Makespan
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Experiment 21 Energy Consumption Experiment 21 Makespan
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Figure 49. Experiment 21 FFTA weight configuration: MIPS=0%, CPU Cores=80%, TDP=20% (a) Energy
Consumption (b) Makespan
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Figure 50. Experiment 22 FFTA weight configuration: MIPS=0%, CPU Cores=50%, TDP=50% (a) Energy
Consumption (b) Makespan
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Experiment 23 Energy Consumption Experiment 23 Makespan
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Figure 51. Experiment 23 FFTA weight configuration: MIPS=0%, CPU Cores=20%, TDP=80% (a) Energy
Consumption (b) Makespan
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Figure 52. Experiment 24 FFTA weight configuration: MIPS=100%, CPU Cores=0%, TDP=0% (a) Energy
Consumption (b) Makespan
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Experiment 25 Energy Consumption Experiment 25 Makespan

—— FFA MRC —— FFAMRC
—— FFTA MRC —— FFTA MRC
BFA MRC BFA MRC
— GA MRC — GA MRC
O
c
o —
a 2102
g 5
n Q.
c %]
S 9
10° 2
& s
(9]
C
w
200 400 600 800 1000 200 400 600 800 1000
Number of Cloudlets Number of Cloudlets

Figure 53. Experiment 25 FFTA weight configuration: MIPS=80%, CPU Cores=20%, TDP=0% (a) Energy
Consumption (b) Makespan
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Figure 54. Experiment 26 FFTA weight configuration: MIPS=50%, CPU Cores=50%, TDP=0% (a) Energy
Consumption (b) Makespan
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Experiment 27 Energy Consumption Experiment 27 Makespan
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Figure 55. Experiment 27 FFTA weight configuration: MIPS=20%, CPU Cores=80%, TDP=0% (a) Energy
Consumption (b) Makespan
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Figure 56. Experiment 28 FFTA weight configuration: MIPS=50%, CPU Cores=25%, TDP=25% (a) Energy
Consumption (b) Makespan
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Experiment 29 Energy Consumption Experiment 29 Makespan
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Figure 57. Experiment 29 FFTA weight configuration: MIPS=25%, CPU Cores=50%, TDP=25% (a) Energy
Consumption (b) Makespan
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Figure 58. Experiment 30 FFTA weight configuration: MIPS=25%, CPU Cores=25%, TDP=50% (a) Energy
Consumption (b) Makespan

Table 12 presents detailed results summarizing the experiments 16 through 30 for MRC. The results are

summarized in Table 12.
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Table 12. MRC Results for Experiments 16-30

¢ |8 || & 2 |B|=z2|@8]|E%
= m o m T w & @

3 > > z D > D = )

= = z Z = z = k)

16 2225.94 | 1761.62 | 2986.39 | 1975.54 | 2193.45 | 1649.23 | 3649.98 | 1869.44

17 2208.28 | 1609.87 | 2990.72 | 1993.29 | 2193.45 | 1649.23 | 3649.98 | 1869.44

18 2196.20 | 1609.98 | 2980.27 | 2017.59 | 2193.45 | 1649.23 | 3649.98 | 1869.44

19 2123.99 | 1398.80 | 2981.30 | 1988.38 | 2193.45 | 1649.23 | 3649.98 | 1869.44

20 2191.96 | 1623.94 | 2976.82 | 2030.63 | 2193.45 | 1649.23 | 3649.98 | 1869.44

21 2193.18 | 1623.94 | 2964.88 | 2018.35 | 2193.45 | 1649.23 | 3649.98 | 1869.44

22 2197.88 | 1623.94 | 2983.89 | 1993.36 | 2193.45 | 1649.23 | 3649.98 | 1869.44

23 2208.63 | 1622.69 | 2926.16 | 1980.43 | 2193.45 | 1649.23 | 3649.98 | 1869.44

24 2057.41 | 724.69 | 2984.38 | 1980.31 | 2193.45 | 1649.23 | 3649.98 | 1869.44

25 2072.09 | 1358.84 | 2988.01 | 2043.72 | 2193.45 | 1649.23 | 3649.98 | 1869.44

26 2185.38 | 1611.43 | 2949.72 | 1980.47 | 2193.45 | 1649.23 | 3649.98 | 1869.44

27 2185.13 | 1611.87 | 2971.23 | 1966.26 | 2193.45 | 1649.23 | 3649.98 | 1869.44

28 2185.13 | 1611.87 | 2971.23 | 1966.26 | 2193.45 | 1649.23 | 3649.98 | 1869.44

29 2185.38 | 1611.43 | 2946.10 | 2007.00 | 2193.45 | 1649.23 | 3649.98 | 1869.44

30 2200.29 | 1609.87 | 2953.50 | 2024.24 | 2193.45 | 1649.23 | 3649.98 | 1869.44

5.2.1.1 Energy Consumption Results

Table 13 presents a comparison of the energy consumption performance of FFTA with FFA, BFA, and GA in
an MRC environment. The comparison is in terms of the percentage of performance improvement. A negative

value indicates an optimization in terms of energy consumption. As the goal of TETRA is to optimize the
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energy consumption compared to the baseline algorithms, the negative values are favorable outcomes and are

color-coded green in the table. In cases where FFTA performs worse, the values are color-coded red.

Table 13. MRC Energy Consumption Results Comparison

Experiment # PI FFA (%) PI BFA (%) Pl GA (%)
16 -25.46 +1.48 -39.01
17 -26.16 +0.67 -39.49
18 -26.30 +0.12 -39.82
19 -28.75 -3.16 -41.8
20 -26.06 -0.06 -39.94
21 -26.02 -0.01 -39.91
22 -26.34 -0.20 -39.78
23 -24.52 +0.69 -39.48
24 -31.06 -6.20 -43.63
25 -30.65 -5.53 -43.23
26 -25.91 -0.36 -40.12
27 -26.45 -0.37 -40.13
28 -26.40 -0.30 -40.13
29 -25.82 -0.30 -40.12
30 -25.50 +0.31 -39.71

5.2.1.2 Makespan Results

Table 14 presents a comparison of the makespan performance of FFTA with FFA, BFA, and GA in an MRC
environment. The comparison is in terms of the percentage of performance improvement. A negative value
indicates an optimization in terms of the total makespan. As the goal of TETRA is to optimize makespan
compared to the baseline algorithms, the negative values are favorable outcomes and are color-coded green
in the table. In cases where FFTA performs worse, the values are color-coded red.
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Table 14. MRC Makespan Results Comparison

Experiment # Pl FFA (%) Pl BFA (%) Pl GA (%)
16 -10.82 +6.81 -5.76
17 -19.23 -2.38 -13.88
18 -20.20 -2.38 -13.88
19 -29.65 -15.18 -25.17
20 -20.02 -1.53 -13.13
21 -19.54 -1.53 -13.13
22 -18.53 -1.53 -13.13
23 -18.06 -1.60 -13.19
24 -63.40 -56.05 -61.23
25 -33.51 -17.60 -27.31
26 -18.63 -2.29 -13.80
27 -18.02 -2.26 -13.77
28 -18.02 -2.26 -13.77
29 -19.70 -2.29 -13.80
30 -19.78 -2.38 -13.88

5.3 High Resource Competition (HRC)

In this section, we present the results from experiments in which the resource competition is its highest level
in terms of the number of available VM (resources) and the total number of tasks require execution. The high
resource competition (HRC) setting is twice the competition rate of that of MRC and quadruple that of the
LRC. The HRC can be considered as a scenario in which we test TETRA under high stress as the competition
amongst resources is the highest. For HRC, we set the number of VMs to 153 hosted on 73 hosts. The post-
filtration VM count is 91. The number of cloudlets ranges from 100 to 1000 in increments of 100. Thus, the
ratio of cloudlets to VMs is ~11:1. Experiment 31-45 represent ones that utilize a higher competition rate
compared to those of LRC and MRC.
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5.3.2 High Resource Competition Results

Results in Figures 59-58 represent the experiments 31 through 45 which vary in terms of the weight
configuration ranging between 0 to 100 for each of the considered attributes including MIPS, CPU cores, and
TDP. Each figure presents energy consumption and makespan results across varying number of cloudlets
(tasks) along with a comparison among four specific types of algorithms including First Fit Algorithm (FFA),
First Fit with TOPSIS Algorithm (FFTA), Best Fit Algorithm (BFA), and Greedy Algorithm (GA).
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Figure 59. Experiment 31 FFTA weight configuration: MIPS=0%, CPU Cores=0%, TDP=100% (a) Energy
Consumption (b) Makespan
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Experiment 32 Makespan
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Figure 60. Experiment 32 FFTA weight configuration: MIPS=0%, CPU Cores=20%, TDP=80% (a) Energy
Consumption (b) Makespan
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Figure 61. Experiment 33 FFTA weight configuration: MIPS=50%, CPU Cores=0%, TDP=50% (a) Energy
Consumption (b) Makespan
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Experiment 34 Energy Consumption Experiment 34 Makespan
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Figure 62. Experiment 34 FFTA weight configuration: MIPS=80%, CPU Cores=0%, TDP=20% (a) Energy
Consumption (b) Makespan
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Figure 63. Experiment 35 FFTA weight configuration: MIPS=0%, CPU Cores=100%, TDP=0% (a) Energy
Consumption (b) Makespan
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Experiment 36 Energy Consumption Experiment 36 Makespan
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Figure 64. Experiment 36 FFTA weight configuration: MIPS=0%, CPU Cores=80%, TDP=20% (a) Energy
Consumption (b) Makespan
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Figure 65. Experiment 37 FFTA weight configuration: MIPS=0%, CPU Cores=50%, TDP=50% (a) Energy
Consumption (b) Makespan
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Experiment 38 Energy Consumption Experiment 38 Makespan
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Figure 66. Experiment 38 FFTA weight configuration: MIPS=0%, CPU Cores=20%, TDP=80% (a) Energy
Consumption (b) Makespan

Experiment 39 Energy Consumption Experiment 39 Makespan
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Figure 67. Experiment 39 FFTA weight configuration: MIPS=100%, CPU Cores=0%, TDP=0% (a) Energy
Consumption (b) Makespan
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Experiment 40 Energy Consumption Experiment 40 Makespan
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Figure 68. Experiment 40 FFTA weight configuration: MIPS=80%, CPU Cores=20%, TDP=0% (a) Energy
Consumption (b) Makespan

Experiment 41 Energy Consumption Experiment 41 Makespan
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Figure 69. Experiment 41 FFTA weight configuration: MIPS=50%, CPU Cores=50%, TDP=0% (a) Energy
Consumption (b) Makespan
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Experiment 42 Energy Consumption Experiment 42 Makespan
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Figure 70. Experiment 42 FFTA weight configuration: MIPS=20%, CPU Cores=80%, TDP=0% (a) Energy
Consumption (b) Makespan
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Figure 71. Experiment 43 FFTA weight configuration: MIPS=50%, CPU Cores=25%, TDP=25% (a) Energy
Consumption (b) Makespan
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Experiment 44 Energy Consumption Experiment 44 Makespan
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Figure 72. Experiment 44 FFTA weight configuration: MIPS=25%, CPU Cores=50%, TDP=25% (a) Energy
Consumption (b) Makespan
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Figure 73. Experiment 45 FFTA weight configuration: MIPS=25%, CPU Cores=25%, TDP=50% (a) Energy
Consumption (b) Makespan

Table 15 presents detailed results summarizing the experiments 31 through 45 for HRC. The results are

summarized in Table 15.
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Table 15. HRC Results for Experiments 31-45

m = — — — = — = —
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31 2255.31 | 3452.80 | 3015.75 | 3766.33 | 2236.11 | 3418.03 | 3633.30 | 3477.22

32 2247.87 | 3347.10 | 2979.66 | 3742.52 | 2236.11 | 3418.03 | 3633.30 | 3477.22

33 2242.14 | 3347.54 | 3042.01 | 3776.96 | 2236.11 | 3418.03 | 3633.30 | 3477.22

34 2162.80 | 2900.14 | 2959.86 | 3697.84 | 2236.11 | 3418.03 | 3633.30 | 3477.22

35 2234.62 | 3342.45 | 2972.64 | 3755.43 | 2236.11 | 3418.03 | 3633.30 | 3477.22

36 2235.42 | 3342.45 | 2966.15 | 3776.03 | 2236.11 | 3418.03 | 3633.30 | 3477.22

37 2237.74 | 3342.45 | 2953.96 | 3681.19 | 2236.11 | 3418.03 | 3633.30 | 3477.22

38 2247.87 | 3347.10 | 3027.33 | 3652.93 | 2236.11 | 3418.03 | 3633.30 | 3477.22

39 2092.72 | 1484.62 | 2962.41 | 3738.95 | 2236.11 | 3418.03 | 3633.30 | 3477.22

40 2110.72 | 2907.96 | 2976.95 | 3794.75 | 2236.11 | 3418.03 | 3633.30 | 3477.22

41 2231.97 | 3342.89 | 2986.83 | 3711.74 | 2236.11 | 3418.03 | 3633.30 | 3477.22

42 2234.62 | 3342.45 | 2998.67 | 3729.73 | 2236.11 | 3418.03 | 3633.30 | 3477.22

43 2231.88 | 3342.89 | 2980.33 | 3718.72 | 2236.11 | 3418.03 | 3633.30 | 3477.22

44 2231.97 | 3342.89 | 2912.98 | 3690.96 | 2236.11 | 3418.03 | 3633.30 | 3477.22

45 2243.94 | 3347.10 | 2995.67 | 3763.94 | 2236.11 | 3418.03 | 3633.30 | 3477.22

5.3.2.1 Energy Consumption Results

Table 16 presents a comparison of the energy consumption performance of FFTA with FFA, BFA, and GA in
a HRC environment. The comparison is in terms of the percentage of performance improvement. A negative
value indicates a saving in energy consumption. As we aim to reduce energy consumption compared to the
baseline algorithms, the negative values are favorable outcomes and are color-coded green in the table. In

cases where FFTA performs worse, the values are color-coded red.
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Table 16. HRC Energy Consumption Results Comparison

Experiment # Pl FFA (%) Pl BFA (%) Pl GA (%)
31 -25.21 +0.85 -37.92
32 -24.55 +0.52 -38.13
33 -26.29 +0.52 -38.28
34 -26.92 -3.27 -40.47
35 -24.82 -0.06 -38.49
36 -24.63 -0.03 -38.47
37 -24.55 +0.07 -38.41
38 -25.74 +0.52 -38.13
39 -29.35 -6.41 -42.40
40 -29.09 -5.60 -41.90
41 -25.27 -0.18 -38.56
42 -25.47 -0.06 -38.49
43 -25.11 -0.18 -38.57
44 -23.37 -0.18 -38.56
45 -25.093 +0.35 -38.23

5.3.2.2 Makespan Results

Table 17 presents a comparison of the makespan performance of FFTA with FFA, BFA, and GA in a HRC
environment. The comparison is in terms of the percentage of performance improvement. A negative value
indicates a saving in makespan. As we aim to reduce makespan compared to the baseline algorithms, the
negative values are favorable outcomes and are color-coded green in the table. In cases where FFTA performs

worse, the values are color-coded red.
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Table 17. HRC Makespan Results Comparison

Experiment # Pl FFA (%) Pl BFA (%) Pl GA (%)
31 -25.21 -0.52 -0.70
32 -10.56 -2.07 -3.74
33 -11.36 -2.06 -3.72
34 -21.57 -15.15 -16.59
35 -10.99 -2.211 -3.87
36 -11.48 -2.21 -3.87
37 -9.20 -2.21 -3.87
38 -8.37 -2.07 -3.74
39 -60.29 -56.56 -57.30
40 -23.36 -14.92 -16.37
41 -10.37 -2.19 -3.86
42 -10.38 -2.21 -3.87
43 -10.10 -2.19 -3.86
44 -9.43 -2.19 -3.86
45 -11.07 -2.07 -3.74

5.4 Results Summary

We compare the optimization performance of FFTA in terms of the competition rate. To this extent, we group
the results and analyze them based on two main categories, energy consumption and makespan. Tables 18 and

19 present the overall aggregation of the individual results presented in earlier sections relative to FFTA.
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Table 18. Energy Consumption Results Summary

FFA BFA GA
Pl (%) Savings Pl (%) Savings Pl (%) Savings
(kJ) (kJ) (KJ)
LRC | -2894 12,860 -0.88 281 -43.05 | 23,889
MRC | -26.76 11,937 -0.89 284 -40.42 22,132
HRC | -25.70 11,489 -0.87 300 -39.00 | 21,257
Avg. Total Avg. Total Avg. Total
-27.1 36,286 -0.88 865 -40.82 67,278

As can be seen in Table 18, FFTA outperforms in terms of optimizing the energy consumption across all of
the three experiments’ settings including LRC, MRC and HRC resulting in a total optimization of 36286 kJ,
865 kJ, and 67278 kJ, respectively.

Table 19. Makespan Results Summary

FFA BFA GA
Pl (%) Savings Pl (%) Savings Pl (%) Savings
(s) (s) (s)
LRC | -34.68 5841 -7.11 842 -31.17 4982
MRC | -23.14 6951 -6.96 1724 -17.92 5027
HRC | -16.25 8466 -7.15 3738 -8.8681 @ 4626
Avg. Total Avg. Total Avg. Total
-24.69 21258 -7.15 6304 -19.32 14635

As can be seen in Table 19, FFTA outperforms in terms of optimizing the total makespan across all of the
three experiments’ settings including LRC, MRC and HRC resulting in a total optimization of 21258 seconds,
6304 seconds, and 14635 seconds, respectively.

As shown in Tables 18 and 19, our proposed algorithm effectively optimizes both energy consumption and
makespan in various competition environments under various competition levels. In addition, our proposed

algorithm achieves an effective optimization rate while under various weight configurations as presented
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earlier in Table 13, 14, 16 and 17. Further, results from our experiments demonstrate that our algorithm
achieves best performance when the TOPSIS algorithm optimizes for resources with high MIPS, while not
completely ignoring CPU cores, as can be evidenced by Experiments 9, 24, 39, 10, 25 and 40. Therefore,
MCDA methods are effective in scheduling tasks for execution within fog environments.

In addition, one interesting insight is that the results from the experiments also show that the energy
consumption performance suffers relatively when the TOPSIS algorithm optimizes for resources with low
TDP and relatively higher MIPS, as can be seen in Experiments 1, 16, 31 and 2, 17 and 32. While this might
seem counter-intuitive at first glance, a possible explanation could be that resources with low TDP are
typically resources that are less powerful, this results in a longer time to execute tasks. This could potentially

lead to higher energy consumption.
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Chapter 5: Conclusion and Future Work

5.1 Contributions and Findings of TETRA

The results in the previous chapter prove our hypothesis Multi-Criteria Decision Analysis methods such as
TOPSIS are highly effective at scheduling tasks within data center environments as our proposed algorithm
successfully optimizes both energy consumption and makespan in a simulated data center environment. These
results can be translated to a real-world environment as our proposed algorithm has proven to be scalable as
is evidenced by the consistent performance when the competition for resources increases. Also, to ensure real-
world performance, we created a data center with hosts and VMs that resemble the specifications of real-
world hosts and VMs. This enables data centers to perform well while reducing their carbon emission levels.
This would help large companies with their sustainability goals. In addition, through our research we have
identified the key parameters that must be considered by the TOPSIS algorithm to effectively rank the
resources. Based on the above findings, TETRA provides a very promising foundation for further exploration

of hybrid resource scheduling in 10T systems.

5.2 Future Work

There is room for improvement in TETRA. Currently, TETRA accounts for fog and cloud levels implicitly
by creating a huge diversity of resources that resemble resources that exist in these levels respectively. We
could improve this model by explicitly specifying the level of each resource and using that as a parameter in
the TOPSIS based ranking of resources. This would have huge implications for 10T systems. It would make
resource scheduling even smarter. For instance, a time sensitive task would give more preference to a fog
resource whereas a computationally complex task would give more preference to a cloud resource. This adds
a layer of sophistication to TETRA. We can also offer customization of tasks such allowing the user to specify
the type of application associated with it, in addition to having tasks with varying sizes. We would also like
to explore the applicability of other alternate MCDA algorithms such as PROMETHEE, VIKOR and
ELECTRE [107]. Currently, our model only allows manual configurations of weights. We would like to

automate this process by using algorithms such as Entropy and CRITIC [108-109].
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