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Abstract

Time-series forecasting is becoming very important in many different industries, including
cybersecurity, healthcare, energy, finance and cloud computing. This thesis explores the use
of advanced metaheuristic algorithms together with recurrent neural networks (RNNs) to
produce hybrid models enhancing the accuracy, stability, and generalizing ability of
forecasting. We address problems including nonlinear behavior, seasonality, and noise in
time-series data by utilizing the benefits of both Recurrent Neural Networks (RNNs) and

metaheuristics.

This work uses an enhanced Moth Flame Optimizer (MFO) to improve the optimization of

logistic regression models, which boosts the accuracy of spam email classification.
Furthermore, the efficiency of hybrid models in capturing intricate ggasonal trends is
demonstrated by the use of an Enhanced Sine Cosine Algorithm (ESCA) h

wind energy ahead-[J|-time prediction.
With a modified Reptile Search Algorithm, ) and

) show potential in [ techniques in enhancing [l

security of IoT networks in the field of cybersecurity.

Moreover, the practical benefits in the field of healthcare are shown by the identification of

seizures in electroencephalogram (EEG) data using metaheuristic-optimized recurrent neural

works (RNNs). The study on improving the performance of LSTM networks utilizing the
_ prediction underlines

the need to integrate different methodologies in financial modelling. Using modified
metaheuristic-optimized LSTM networks for earthquake magnitude prediction emphasizes

the several applications of these hybrid approaches in preventing disasters.

Additionally, this study addresses the challenges associated with cloud instance pricing,

which are increased by the complex nature of budgeting due to fluctuating demand and

changing costs. A modified optimizer is introducegand tested on cloud instance data using
multi-headed recurrent architectures, specifically

I GRU model, enhanced by this technique, attained remarkable forecasting

I1I




precision, validated through statistical analysis and revealed by using artificial intelligence

techniques to clarify feature importance.

The thesis significantly improves the current degree of knowledge in time-series data
prediction, resulting in new possibilities for the application of hybrid methods across various
areas. By addressing the limitations of previous approaches and using the powers of RNNs
and metaheuristics, this work helps predictive modelling and its useful applications to

advance.

Keywords: — Networks, Metaheuristic algorithms,
. sine Cosine Algorithm, Moth Flame Optimizer, 10T security,

Seizure detection, Crude oil price forecasting, Swarm intelligence algorithms, Earthquake
forecasting, wind energy forecasting, Spam filtering, Logistic regression, Cloud computing,

Gated recurrent units, Particle swarm optimization, Spot price forecasting
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1. Introduction

Time-series forecasting plays an essential part —

. cnergy . healthcare, [l natural disaster management. Predicting potential outcomes
by using past data is necessary for effective decision-making and planning. Nevertheless,

time-series forecasting creates a major obstacle due to the complexity and non-linearity that

exist in real-world data \E makes it an NP-hard problem. Traditional methods tend to fail

relationships _ resulting in the need

to identify the complex

for more sophisticated techniques.

Time-series forecasts in finance play an important role in guiding investment
decisions, managing risks, and conducting analysis of markets. Accurate forecasts of the
generation and consumption of energy play an important role as well in optimizing electrical
grid performance, incorporating renewable energy sources, and arranging scheduled repairs

in the energy sector.

Time-series forecasting also plays a crucial role in healthcare by anticipating
pandemics, effectively administering resources in hospitals, and closely observing the
condition of patients via wearable devices. precise forecasts have the potential to result in
immediate actions, more effective distribution of resources, and ultimately, improved health
outcomes for patients. When it comes to dealing with natural disasters, time-series forecasts
play a key part in providing early warnings for incidents like hurricanes, tloods, and
earthquakes. These forecasts make it possible to quickly evacuate and to take preparation

measures in advance.

Nevertheless, precise forecasting of time-series data can be very difficult due to its
complex nature, which includes non-linearity, seasonality, and noise. Standard methods of
analyzing data, like Autoregressive Integrated Moving Average (ARIMA), regularly

struggle with identifying these details, causing less-than-ideal predictions. Machigelearning
models, especially RNNs, provide an adaptable and reliable technique for

I However, [l efficacy [l such I highly reliant upon choosing the right

hyperparameters.




Recurrenth (RNN's) [l particular kind [N

B performs [ at detecting trends in sequences of data, particularly time-series data.
RNNs excel in operations that require an awareness of temporal patterns, such as speech
detection, language modelling, and time-series forecasting. RNNs have a unique ability to
hold onto a hidden state that records data from past inputs, enabling them to effectively

model temporal dependencies.

Training RNNs, specifically its more advanced versions such as LSTM and GRU

networks, can be quite challenging to compute and demands precise adjustment of various

erparameters. The selection of these hyperparameters, including the learning rate,
,has | major impact on the network's

ability to perform. Conventional techniques for hyperparameter optimization, such as grid
search or random search, can be quite inefficient and can fail to produce the most optimum

set of parameters.

Metaheuristic techniques were employed to optimize the hyperparameters of RNNs
in order to tackle these challenges. Metaheuristics are optimization techniques what get
inspiration from natural phenomena and biological mechanisms. They leverage randomness
to effectively discover the search space and provide reliable solutions. Metaheuristics are
capable of finding solutions that are near the global optimum within a reasonable time,
compared to standard heuristic algorithms that often remain stuck in local optima. Their
outstanding efficacy allows them to be ideal for tackling challenging problems such as time-

series forecasting.

I  d more recent techniques such as the
_) have demonstrated significant potential among the

various metaheuristic algorithms. These algorithms mimic the cooperative actions of
decentralized systems, for instance flocks of birds or colonies of ants, to solve complex
optimization challenges. Swarm intelligence algorithms, in particular, make use of the
combined problem-solving abilities of simple agents to successfully discover and exploit the

search space.




Swarm algorithms such as PSO and ACO have gained significant popularity in

solving opti tion problems because of their straightforwardness and impressive
peﬁmmanceb to

discover optimal solutions, while ACO draws inspiration from the searching habits of ants
and their skill to identify the shortest routes to food resources. These algorithms keep
improving potential solutions based on specified criteria for superior results, usually

involving stages of exploration and exploitation.

After making adjustments to these metaheuristics, their accuracy can be improved,
resulting in more precise and reliable outcomes. For example, by adding more mechanisms

for coordinating exploration and exploitation, the MFO can greatly enhance its ability to
locate optimal solutions in sgarch areas with many dimensions. By incorporating new search
strategies, the convergenceh SCA - enhanced.

I ”RNNs [ metaheuristic [l shows a promising solution to this

challenge. Through the utilization of metaheuristics, the hyperparameters of RNNs can be
optimized, resulting in hybrid models that outperform both methods separately. The
metaheuristic method enhances the efficacy of exploring the hyperparameter space, while

the RNN utilizes its impressive sequence modelling features to make precise predictions.

Spam email classifying is an essential task in cybersecurity that aims to recognize
and block unwanted and possibly dangerous emails. Current spam recognition technology,
such as rule-based systems and basic machine learning models, frequently fails to keep up
with spammer's constantly changing methods. As an outcome, more advanced methods are

needed to increase the efficiency of detection and eliminate misleading results.

Sustainable energy forecasting, specifically wind energy forecasting, is critical for
improving wind farm operations and supervision. precise estimations of wind energy output
aid in balancing supply and demand, lowering operating expenses, and incorporating green
energy into the electrical system. Wind energy forecasting, on the other hand, is difficult

since wind patterns are naturally variable and unpredictable.

_) ecosystem, which [J] defined [JJj linked electronics and

massive volumes of data, faces unique security problems. Ensuring the security of loT
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networks is critical for securing sensitive data and preserving the integrity of linked systems.
Existing security methods frequently fail because of the dynamic and scattered nature of IoT

settings.

Epileptic seizures, which are identified by unexpected and repeated electrical
abnormalities in the brain, need precise and quick identification for appropriate care. Current
seizure detection approaches, such as manual EEG analysis, are consuming a lot of time and
subject to inaccuracies. Automated seizure detection with machine learning is a potential
option, however, the efficacy of these models is significantly reliant upon the

hyperparameters used.

Many variables impact crude oil prices, occurrences., || | NN
- swings, - market speculation. Correct critical for
energy industry decision-making, assisting investors in risk management and making
accurate investment decisions. Typical forecasting techniques frequently fail to reflect the

complex and dynamic character of oil price changes.

Natural catastrophes, such as earthquakes, have a huge influence on populations and
nations, inflicting widespread property damage, disrupting livelihoods, and frequently
resulting in casualties. Earthquakes are unpredictable, and their risk of triggering severe
aftershocks makes precise forecasting critical for disaster planning and control. Current
earthquake forecasting systems frequently depend on historical data and geological studies,

but they fail to offer good predictions since earthquake activity is complicated and dynamic.

Cloud computing has become essential for hosting applications that demand
significant processing resources, providing accurate cloud spot price forecasting critical for
managing expenses and optimal resource allocation. With the increasing demand for cloud
infrastructure, companies must anticipate pricing to effectively manage budgets and
automatically scale resources. Inaccurate price forecasts may result in excessive or

insufficient provisioning, leading to financial disaster and operational inefficiency.

All the previously mentioned examples are applications in time-series forecasting

and each one of them has its own set of unique issues that demand specialized models to




effectively tackle them. This thesis explores various applications of hybrid methods in time-

series forecasting, showcasing their adaptability and efficacy.

h

I of all [ research conducted [ thesis were formulated ‘
B applications [N

a)

b)

c)

d)

€)

2

h)

i)

i)

I hybrid CNN-XGBoost [l will perform better than traditional models in
detecting loT network security threats. (Application 1)

Tuning the model with the modified Reptile Search Algorithm will lead to
significant improvements in accuracy and efficiency. (Application 1)

The LSTM-ESCA model will outperform traditional forecasting models in
accuracy. (Application 2)

VMD preprocessing will significantly enhance the forecasting performance by
decomposing the wind energy data into more predictable subcomponents.
(Application 2)

The MFO-optimized logistic regression model will achieve higher accuracy in spam
email classification compared to models optimized by traditional methods.
(Application 3)

The MFO will enhance the convergence speed and stability of the logistic regression
training process. (Application 3)

Recurrent Networks optimized with a modified metaheuristic algorithm will
significantly improve the accuracy and timeliness of seizure detection compared to
existing methods. (Application 4)

The HHO-DO optimized LSTM model will achieve superior accuracy in crude oil
price forecasting compared to models optimized by other algorithms. (Application
5)

The introduction of the disputation operator in the HHO-DO will significantly
enhance the optimization process. (Application 5)

The modified sine-cosine algorithm (HASCO) will outperform other metaheuristic
optimization algorithms in tuning LSTM parameters for earthquake magnitude

forecasting. (Application 6)




k) LSTM networks, when optimized using metaheuristic algorithms, will provide more
accurate earthquake magnitude predictions compared to traditional methods.
(Application 6)

1) The modified PSO algorithm will outperform standard PSO and other
metaheuristics in optimizing LSTM and GRU models for cloud spot price
forecasting. (Application 7)

m) GRU models optimized by the modified PSO will achieve better forecasting
accuracy compared to LSTM models and traditional forecasting techniques like
XGBoost and ARIMA. (Application 7)

n) The proposed models will show statistically significant improvements in accuracy,
as measured by MSE and MAE. (Application 7)

0) SHAP analysis will reveal that specific historical data (lags) are critical to

improving the accuracy of cloud spot price forecasts. (Application 7)
1.2. Overall Hypothesis

The following are the overall hypotheses of the research conducted for this thesis:
® A higher accuracy can be achieved by hybrid and optimized models such as (CNN-
XGBoost, and LSTM-ESCA) in their respective applications compared to traditional
models.
* Modified algorithms for optimization will significantly increase the efficacy and
precision of machine learning models.
* Preprocessing techniques for instance Variation Mode Decomposition (VMD) can

improve the precision and efficacy of forecasting models.
1.3.Objectives

In this thesis, there are multiple goals for each of the proposed applications in section 5: -

1) Application 1 [1]
) 3_;




2) Application 2 [2

a) Improve LSTM networks.
b) Utilize the ) for tuning [ LSTM
parameters.

¢) Incorporate Variation Mode Decomposition (VMD) to preprocess the input data

d enhance prediction accuracy.
d) —

3) Application 3 [3]

a) Develop a — optimized [l the |
vFo)

b) Evaluate ] performance of the MFO-optimized model against traditional

imization methods.
c) _ MFO [l enhancing the [N accuracy

of the logistic regression model.
4) Application 4 [4]
a) Propose an advanced recurrent network approach for seizure detection based on
time series classification.
b) Optimize the network using a modified metaheuristic algorithm to improve

detection accuracy and timeliness.

5) Applicagion 5 [5]
a)ﬂ_

6) Application 6
a) To propose a robust time-series based approach for earthquake prediction using
LSTM networks.
b) Toincorporate metaheuristic optimizer algorithms for tuning LSTM parameters

to improve performance.




¢) To introduce — (HASCO) and

evaluate its effectiveness compared to other contemporary optimization
methods.
7) Application 7 [6]

a) A madified PSO is proposed to address observed drawbacks.

b) Integrated into ML framework for cloud spot instance price forecasting.

¢) The performance is assessed using real-world datasets and compared to other
sophisticated metaheuristics.

d) Shapley additive explanations (SHAP) [7] is used to analyze top model findings

and evaluate feature usage.
1.4.Overall objectives

The overall objectives of this thesis are outlined below:
¢ Enhance model performance by developing and optimizing CNN, XGBoost, logistic

regression, and LSTM models.

e Using advanced optimization algogithms like Modified Reptile Search, Enhanced
Sine Cosine Algorithm (ESCA), optimizer (NG
I (. modified sine-cosine algorithm (HASCO).

e Apply methodologies to real-world data in IoT security, wind energy, spam

classification, seizure detection, crude oil prices, and earthquake prediction.
e Assess the performance of suggested hybrid models to traditional approaches to
ensure accuracy and efficiency improvements, while analyzing feature importance

through techniques like Shapley Additive Explanations (SHAP).

1.5. Thesis Structure

This thesis is structured in the following order. In Section 2 you will find a summary
of the optimization procedure with some of the well-known optimizations and some of the
most common optimization challenges. In Section 3 you will see an overview of the
stochastic optimization techniques and evolutionary computation. Section 4 is dedicated to
swarm intelligence metaheuristics algorithms, features, basic principles and examples of
swarm intelligence algorithms. Section 5 includes the applications of hybrid methods for

time-series forecasting. Finally, Section 0 has the ultimate conclusion.
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2. Process of Optimization

—, optimization stands [l the procedure [l

enhancing the performance, efficiency, or effectiveness of techniques, programs, systems,
or procedures. It implies fine-tuning many components in order to produce the finest
potential result. This might involve reducing the utilization of computing resources such as
memory or time spent on processing, increasing execution velocity, boosting code
readability, and increasing the entire system functioning. Optimization in computer-related
fields, as in other areas of science, seeks to identify the best configuration (setting) or

solution that achieves a particular goal while taking boundaries and limits into account.

Significant milestones have occurred in the advancement of unconstrained
optimization methods. Considerable developments have transformed the optimization
nature, fueled by brilliant brains. Amongst them is the birth of optimization theory, which
was inspired by Dantzig's invention of the simplex approach in 1947 to address linear
programming problems [8]. Bellman's 1957 formulation of the optimality concept for
dynamic programming problems remains a fundamental part of optimization theory [9].
Kuhn and Tucker's essential work in 1951 explaining the required and sufficient criteria for
optimum solutions in programming problems established the groundwork for later research
into non-linear programming (NLP) [10]. Around the early 1960s, Zoutendijk and Rosen
delivered crucial contributions to the field of NLP, cementing their reputations as innovators
[11][12]. Atthe same time, Duffin, Peterson, and Zener created geometrical programming,
while Gomory's seminal work in integer programmijgelifted the topic to a dynamic and
competitive region [13] [14]. This ascendancy is L prevalence || NN
I -bedded inside ] problem space. In particular, stochastic programming
approaches developed by Dantzig, Charnes, Cooper, and Symons overcome challenges with

expectations of independence and generally distributed design parameters [15] [16] [17].

In recent years, simulated annealing (SA), genetic algorithms (GAs), and neural
network approaches like swarm intelligence algorithms (Sls) emerged into the spotlight,
revealing a new world inside mathematical programming. SA, for example, mimics the
annealing process in substances, whereas GAs use the theory of natural selection and

genetics principles. Furthermore, neural network approaches use linked "neuron" processors




to tackle complex problems, furthering the study of optimization in computer science and its

applications.

Each type of optimization poses unique challenges that must be handled with specific

techniques, computational advances, and domain understanding. To produce optimal or

near-optimal solutions, successful optimization algorithms take these constraints into

account.

The following are some of the well-known types of optimizations that are used for

optimization challenges:

1.

Continuous Optimization Challenges: The challenges emerge in continuous
optimization as a result of the complicated nature of real-world functions. The
optimization landscape may have several local optima and unexpected peaks, making
algorithm convergence to the global optimum problematic. It is critical to pick proper
optimization methods and tactics. Furthermore, determining gradients correctly for
large-scale challenges can be computationally costly, demanding the employment of
gradient-free approaches. Convergence must be ensured in the presence of noisy

objective functions, which introduces an additional level of difficulty.

Discrete Optimization Difficulties: Because of the combinatorial character of
challenges, discrete optimization presents difficulties. As the scale of the challenge
expands, so does the area of search, causing it to be impossible to examine all viable
solutions. Algorithms have to depend on heuristics and approximation methods to
identify near-optimal answers effectively. Considering the availability of 1

optima, finding globally optimum solutions might be complicated. It is critic;:i

e prevent algorithms

from being trapped in suboptimal areas.

3. — Challenges: I of competing NN

I o5 ﬂenges. Algorithms must manage choices between
diverse aims, which leads to a . Correctly establishing [ |

I nccessitates excellent ways of investigating the multidimensional

solution region. Choosing one approach from the Pareto front which satisfies the
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needs of decision-makers can be difficult. To give a comprehensive collection of

trade-off solutions, the created solutions must balance convergence with diversity.

Stochastic Optimization Challenges: Because of the unpredictable and disorganized
characteristics of the optimization process, stochastic optimization faces obstacles.
Algorithms must find a balance between intensification and diversification while
taking randomization into account in objective judgments. As algorithms may be
fooled by biased tests, maintaining convergence in the absence of noise is crucial.
Addressing probabilistic limitations and noisy gradients makes it more challenging.
Major issues include selecting adequate sample procedures and reacting to changing

arbitrarily environments.

Dynamic optimization Challenges: The dynamic nature of the problem poses
challenges for dynamic optimization. As conditions change, algorithms have to
modity their strategies instantly. It is difficult to ensure accurate adaptation at a fast
pace. Making wise decisions requires being able to predict how a system will change.
It is a difficult task to strike a balance between exploration and exploitation while
taking time-varying goals and limitations into account. Additionally, because

dynamic issues call for quick adjustments, computational efficiency is crucial.

Black-box Optimization Challenges: The absence of information regarding the
behavior of the objective function makes black-box optimization difficult. Algorithms
have to minimize function evaluations and explore the solution space as efficiently as
possible. Finding the ideal or nearly ideal solution requires the development of clever
sampling techniques. It's difficult to strike a balance between exploring uncharted
territory and developing areas with potential. The optimization process is made more
difficult by managing noisy evaluations, unknown constraints, and the lack of

derivative information.

Global Optimization Challenges: The intricacy of objective landscapes presents
difficulties in global optimization. To ensure that they cover the w solution space,
algorithms must avoid becoming stuck in local optima. Finding
I strategy design is essential. Due to the

curse of dimensionality, finding global optima becomes more challenging as the
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number of variables increases. Additional difficulties include determining trustworthy

stopping criteria and evaluating the caliber of solutions found.

8. Convex Optimization Challenges: The need for the problem to be convex gives rise
to convex optimization challenges. It can be difficult to ensure convexity, and dealing
with non-convex constraints can make optimization more difficult. It becomes crucial
to choose suitable algorithms that ensure convergence to global optima. It is essential
to achieve balance between the complexity of the problem structure and
computational efficiency. Reliable solutions also depend on resolving numerical

stability and ill-conditioning concerns.

These are some of the most common optimization problems and every kind of
optimization has its own set of problems that must be solved with specialized tactics, cutting-
edge algorithms, and subject-matter knowledge. Successful optimization techniques take

these issues into account to produce optimal or nearly optimal solutions [18].

A few of the well-known optimization challenges are as follows:

—): TSP [l recognized N

challenge with many applications. It involves figuring out the quickest path that stops

at each of the specified cities exactly once before returning to the starting location.

Finding an efficient wayggexplore every possible combination is the challenge. The
TSP is addressed usingh algorithms, [N

I . ond genetic algorithms. Using these techniques, the ideal tour with the

shortest overall distance is sought after.

2. The Knapsack Problem is choosing a set of items from a given set, each with a given
weight and value, in order to maximize the total value while staying within a weight
limit. It's an essential optimization problem in inventory control and resource
allocation. One popular method for resolving the Knapsack Problem is dynamic
programming. Building a table of subproblem solutions and quickly determining the

best combination are the main goals of the method.

-12 -




3. Quadratic Assignment Problem (QAP): QAP is important for network design and
facility placement. It entails choosing the best locations for facilities to be assigned
to while taking facility interaction costs into account. Reducing overall transportation
expenses is frequently the goal. Finding the assignment that minimizes the cost
function is the goal of both metaheuristic techniques like Simulated Annealing and

Quadratic Programming.

4. Optimal Control Problems: h these problems _, over

time, [ ideal [l inputs for a dynamic system. Applications span the fields of
engineering, economics, ecology, and robotics. The goals can be to maximize
efficiency, keep the system stable, or consume the least amount of energy possible.
A popular mathematical framework for resolving optimal control issues is called
optimal control theory. This theory makes use of the calculus of variations to identify

control schemes that maximize a specified performance metric.

5. Global numerical optimization: Locating_ nonlinear objective

I is B focus B this class of problems. These optimization problems

frequently dayolve a wide parameter space and lack straightforward analytical
solutions. h ution [
metaheuristic algorithms like

I are frequently employed.

6. Dynamic Resource Allocation: Resource allocation in dynamic environments such
as cloud computing or telecommunications needs to adjust to changing
circumstances. This entails allocating resources like bandwidth, CPU power, or
server instances optimally to satisfy different demands. Dynamic resource allocation
problems are approached through the lenses of evolutionary algorithms, dynamic
programming, and reinforcement learning. These methods let systems adjust and

distribute resources effectively at the moment.

These are a few examples of optimization challenges from a variety of fields and
applications, these challenges highlight the diversity of optimization problems [19] [20] [21].
A problem's properties, such as its number of variables, constraints, and particular

optimization goals, often influence the optimization technique that is chosen. To successfully
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address these issues, a variety of optimization techniques—from precise algorithms to

heuristic approaches are used.
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3. Stochastic Optimization Techniques

Over the past ten or so years, stochastic optimization algorithms have gained a lot of
traction, and several of these techniques are now "industry standard" techniques for handling
difficult optimization problems. This chapter lists several well-known stochastic
optimization algorithms and gives a summary of the differences between deterministic and

stochastic optimization techniques.

3.1. Preliminaries and Basics

In determinist timization, all the parameters, constraints, and objectives are
known with certainty.h falls under mathematical ||| N QN G

I say. [ optimization problem is not characterized by any randomness or uncertainty.

Identifying the optimal solution from a range of acceptable choices often the global

optimum is the main objective of deterministic optimization. Diverse domains include

engineering, economiggalogistics, and operations research use deterministic optimization
problems extensively.

other forms [Jf problem-solving can be applied to these situations.

deterministic ||| | i idendity I values f0r=

parameters that meet all constraints while either minimizing or maximizing an

. stochastic optimization addresses optimization issues containing
probabilistic, random, or u ain components. Random variations may affect one or more
parameters, constraints, or‘“ itself . these _ objective l
stochastic optimization [} to determine solutions that work well under various probability

distributions or scenarios.

In domains such as finance, environmental planning, energy management, and
machine learning, stochastic optimization problems are frequently encountered. Supply
chain optimization with unpredictable demand, machine learning parameter tuning, and
portfolio optimization in finance are a few examples. The goal of stochastic optimization
techniques is to produce solutions that are strong and resistant to different sources of

uncertainty while accounting for the problem's probabilistic nature.
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Numerous approaches fall under the category of stochastic optimization techniques,
such as dynamic programming, stochastic programming, Monte Carlo simulation, and
metaheuristic algorithms like simulated annealing and genetic algorithms. These techniques
enable decision-makers to take well-informed decisions even in dynamic, uncertain, and

complex decision-making environments.

The primary distinction between stochastic and deterministic optimization is that the
former is utilized for problems with randomness or uncertainty, while the latter is applied
when all problem parameters are known with certainty. The decision between the two relies
on the type of problem and the degree of uncertainty involved. Both have useful applications

in solving real-world challenges across a variety of domains.

The following
Figure 1 Optimization Methods shows some of the optimization methods that

stochastic and deterministic optimization have.

Optimization
Problems
Deterministic Stochastic
Methods Methods
—— — —— Heuristc
| | [_] Algarithms
|

Stochastic

Algorithms
1 1 I 1
(
[ ] - Problem-Based
‘ ] ‘_‘ ‘ ] Metaheuristics Heuristics
I r ]
Single-Solution Population-
Based Based

istics

Evolutionary

Computation

Figure 1 Optimization Methods.
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The following Table 1 summarizes the key variations between deterministic and

stochastic optimization:

Table 1 variations between deterministic and stochastic optimization.

All parameters are known

with certainty.

At least one parameter, constraint, or
objective is subject to randomness,
uncertainty, or probability
distributions.

Find the best solution, often

the global optimum.

Find solutions that perform well under
different scenarios or probability

distributions.

All constraints are
deterministic and fixed.

Constraints may involve random

variables or uncertain parameters.

Commonly used in problems
with known data, such as
linear programming, integer

programming, and network

Applied to problems with randomness
or uncertainty, including finance,

machine learning, and environmental

programming, etc.).

L planning.
optimization.
Typically employs Involves methods such as Monte
mathematical programming | Carlo simulation, dynamic
methods (linear programming, stochastic
programming, nonlinear programming, and metaheuristic

algorithms.

Deterministic optimization
focuses on finding a single

optimal solution.

Stochastic optimization aims to
provide robust solutions that can

withstand variability and uncertainty.
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Production planning, Portfolio optimization, machine
engineering design, network | learning model tuning, supply chain

routing. management with uncertain demand.

Addresses risk and uncertainty,
May not adequately address
allowing for better-informed
risk and uncertainty.
decisions.

3.2. Taxonomy of Stochastic Optimization Methods

A branch of stochastic approaches is known as evolutionary computation, or EC for
short. The evolution of EC is one aspect of population-based algorithms, which are
responsible for maintaining a group of potential solutions (individuals) and progressing
towards good or optimum solutions. To obtain a superior degree of global search capability,
EC approaches are widely recognized for their capacity to simultaneously generate many

solutions.

The following

Figure 1

Figure 2 highlights categories of evolutionary computation:
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Evolutionary

Computation
N I . 1 _ 1
Evolutionar Co-evolutionar S
Al orithms‘|r Algorithms k Intelligence Others
g g Algorithms
Evolutionary LCooperative Co-||_|Particle Swarm || | Differential
Strategies evolution Optimization Optimization
Evolutionary | AntColony || | Memetic
Programming Optimization Optimization
Genetic Artificial Bee
Algorithm Colony LCS Exetal
Genetic
Programming

Figure 2 Categories of evolutionary computation.

In general, EC approaches may be classified into multiple categories but the most

famous ones are evolutionary algorithms and swarm intelligence [22].

The concepts of Darwinian natural selection are used by evolutionary algorithms in

order fficiently look for optimum solutions. Among the algorithms that fall under this
class,h among the most popular

choices. When it comes to the evolution of new individuals, both approaches employ genetic
operators like crossover and mutation. In contrast to GAs, which employ a bit string
representation of a fixed length, GP is able to operate with structures that are more flexible,

for instance trees and graphs with larger or smaller dimensions.

Swarm intelligence approach onversely, make use of the social behaviours of
animals as their source of inspiration-é_
) . both of which are approaches that resemble birds and ants,

respectively, are examples of techniques that fall under this class. ACO operates by
replicating a mechanism for communicating between ants that is based on pheromones in

order to locate favourable routes to food, whereas PSO makes use of information regarding

-19 -




the best-found solutions that are transmitted acr ticles in order to direct search efforts
towards more rewarding locations. Aside fromb
I b), there [l additional |
EC [ (22].

EC techniques have demonstrated considerable potential in essing multi-
objective problems involving the simultaneous evolution of multiple
consideration _ despite . presence . m

inle conflicting objectives
(such as minimizing travel time and cost in flight reservations). technique

provides | collection [ N optimum) [ < an not [l enhanced
. a pagiicular _ causing _ to be negatively impacted [23].
This ish it |l very rare [l an [ vould [ found that fulfils

both of the competing objectives. Perhaps amongst the most extensively researched EC

subjects in recent times is evolutionary multi-objective optimization (EMO), which has seen

a huge rise in the number of papers during the course of the past ten years.

Several studies h conducted [l application | NG

I): For instance, one examined feature selection [24]; another examined
classification using GP [25], [26] and [27] discuss technical orientations such as EC and ML
or EMO, respectively [23].
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