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Abstract

In the digital transformation era, industries are leveraging advanced data-driven
optimization techniques to enhance efficiency, reduce costs, and improve decision-
making processes. These techniques integrate big data, machine learning, and artificial
intelligence, revolutionizing traditional practices by creating models and simulations to
predict outcomes and suggest optimal strategies. However, real-world optimization
problems are often complex, multi-objective, and resource-intensive, requiring
sophisticated approaches like evolutionary algorithms and simulation-based
optimization. Techniques such as surrogate models help mitigate computational costs but
introduce approximation errors. Industries like manufacturing, energy, maritime, and
agriculture benefit significantly from data-driven optimization, addressing challenges like
data scarcity, noise, and imbalance. A framework for these techniques involves data
collection, model development, and computation, ensuring robust and adaptable models.
This study explores applications in manufacturing queue time loop production systems,
marine turbine simulation calibration, and marine farm layout optimization,
demonstrating significant improvements in performance and efficiency.

Keywords: data-driven optimization, data modelling, industrial efficiency, optimization

algorithms
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Chapter 1 Introduction

In today's digital transformation era, industries across various sectors are increasingly
adopting advanced data-driven optimization techniques to enhance efficiency, cut costs,
and improve decision-making processes (Georgiadis et al., 2019; Shen et al., 2020;
Brunton et al., 2021). The integration of these techniques is revolutionizing traditional
industrial practices, enabling organizations to utilize the power of big data, machine
learning, and artificial intelligence. Data-driven optimization refers to the process of
using data analytics and computational algorithms to make informed decisions and
optimize operational performance (Kim & Boukouvala, 2020). This approach leverages
the large amounts of data generated in industrial environments to create models and
simulations that can predict outcomes, identify inefficiencies, and suggest optimal

strategies (Grillone et al., 2020; Seyedzadeh et al., 2020; Mandl & Minner, 2023).

However, many real-world optimization problems are highly complex, multi-
objective, highly constrained, multi-modal, non-convex, large-scale, and fraught with
ambiguities (Jin et al., 2018). Additionally, formulating these optimization problems is
challenging, requiring appropriate specifications for representation, objectives,
constraints, and decision variables (Jin & Sendhoff, 2009; Chugh et al., 2017; Sindhya

2014).

To tackle these challenges, researchers have developed various approaches and
algorithms. An example of these approaches is Evolutionary algorithms (EAs). EAs
typically assume that evaluating objectives and constraints is simple and inexpensive (Jin
et al., 2018). However, in many real-world scenarios, evaluations can only be conducted

using data collected from physical experiments, numerical simulations, or daily
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operations. These scenarios are known as data-driven optimization problems (Wang et
al., 2016). The data involved can be distributed, noisy, heterogeneous, or dynamic, and
can range from abundant to scarce, each posing unique challenges to the optimization

process.

In certain cases, assessing the objective or constraint functions requires time-
consuming or resource-intensive physical experiments or numerical simulations,
commonly known as simulation-based optimization. For instance, evaluating a single
function using computational fluid dynamics simulations might take up to an hour of
computation time (Olson et al., 2021). Techniques such as surrogate models, including
polynomial regression (Liu et al., 2020), Kriging model (Santos et al., 2023; Koziel et al.,
2020), artificial neural networks (Cho et al., 2021; Yan et al., 2020), and radial basis
function networks (Urquhart et al., 2020; Ji et al., 2023), are used to reduce computational
costs. These models rely on limited training data to approximate the objective and
constraint functions (Chugh et al., 2019), which can lead to approximation errors and

potentially mislead the optimization search.

Conversely, when large amounts of data are available, acquiring and processing this
data can significantly increase resource and computational costs (Zhou et al., 2014).
Furthermore, evaluations based on data are approximations of exact evaluations, as the
data is often (Liu et al., 2014), imbalanced (Wang et al., 2014; Wang & Yao, 2012), and
noisy (Jin & Branke, 2005; Wang et al., 2015). These imperfections can introduce errors

into the optimization process, complicating the search for optimal solutions.

Industries such as manufacturing, energy, maritime, and agriculture can greatly
benefit from data-driven optimization. These sectors often deal with complex systems

and large-scale operations where traditional optimization methods may be insufficient.
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By adopting data-driven approaches, these industries can achieve significant
improvements in various aspects of their operations, leveraging the vast potential of data

to enhance performance and drive innovation.

A framework, as shown in Fig. 1.1, is utilized to illustrate the data-driven
optimization techniques explored in this study. The framework in Fig. 1.1 begins with the
crucial phase of data collection and pre-processing. Historical data is gathered from
diverse sources, encompassing a wide array of information pertinent to the industrial
processes under consideration. The pre-processing stage involves structuring the raw
data, ensuring it is suitable for further analysis. Modeling forms a significant aspect of
this phase, where decision variables, objectives, and constraints are defined. Decision
variables represent the controllable factors in the system, objectives denote the desired
outcomes or goals, and constraints outline the limitations within which the system

operates.

Data Collection and
Pre-Processing

Historical Model Development
Data Computation
- Optimization
> Algorithms
Data Sources > and/or Bt Functlt.)n —
Evaluation
& Machine
- Learning
Modelling
Decision
Variables

Objectives

Constraints

Fig. 1.1 Framework of data-drive optimization techniques.
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Moving on to the second phase, model development is a critical component where
the pre-processed data is utilized to create sophisticated models. This involves the
application of optimization algorithms and / or machine learning techniques.
Optimization algorithms are mathematical procedures used to identify the best possible
solutions within the defined constraints, aiming to maximize or minimize specific
objectives. Examples include heuristics and metaheuristics algorithms. On the other hand,
based on the data, machine learning techniques are employed to analyze patterns and
make predictions. These methods can vary from basic regression models to advanced
neural networks, equipping the framework with the ability to address a diverse range of
industrial situations. By integrating these advanced methodologies, the framework
ensures that the models developed are both robust and adaptable to changing industrial

conditions.

The final phase of the framework is computation, where the developed models are
put to the test under various scenarios. Each scenario represents a different set of
conditions or inputs, allowing the evaluation of the model's performance in diverse
contexts. Function evaluation is conducted to assess how well the model meets the
defined objectives while adhering to the constraints. This step is crucial as it provides
insights into the effectiveness and efficiency of the model. The ultimate goal is to derive
a solution, which is the optimal set of decisions or actions recommended by the model.
This solution aims to enhance industrial operations by optimizing performance, reducing
costs, or improving resource utilization. By systematically following this framework,
industries can leverage data-driven optimization techniques to achieve significant

improvements in their processes and outcomes.

This study delves into three specific applications of data-driven optimization

techniques: queue time loop production systems in manufacturing, calibration of marine

4
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turbine simulations, and marine farm layout optimization. In Chapter 2, we address the
dynamic nature of queue-time loop in flow shop production systems using a deterministic
model. This involves frequent updates of job arrivals and machine failures and recoveries
to accurately reflect real-world dynamics. To tackle this challenge, we utilize
combinatorial Benders’ cut (CBC) to solve the problem and introduce the Phase-Step
method (PS), a heuristic approach, to reduce the number of decision variables. The PS
method focuses on the reduced model, disregarding relatively distant production
schedules. Under the PS method, not all jobs are scheduled at every decision time point
until the final stage. To enhance its effectiveness, we propose combining the PS method
with CBC, resulting in CBC-PS. This approach allows us to manage the stochastic nature
of a queue-time loop production system by making admission control decisions at each
stage and then dynamically rescheduling production in real-time. Our findings indicate
that CBC-PS outperforms three methods, i.e., reaction chains heuristics, threshold
dispatching rule, and first-in-first-out, particularly in scenarios with high job arrival rates,

in terms of minimizing the number of scrap jobs.

In Chapter 3, we investigate the utilization of artificial neural networks together
with metaheuristics algorithms to calibrate turbulence parameters for a marine turbine
simulation. We propose a computationally efficient method to determine the optimal
values of adjustable parameters in the marine turbine simulator while minimizing the
disparity between simulation outputs and physical experimental results. Our findings
indicate a notable enhancement in performance by 16.97% compared to previous
approaches, facilitated by the integration of machine learning, data modeling, and
advanced optimization techniques. Additionally, we identify a straightforward
opportunity for further performance improvement. A visual tool is devised utilizing

descriptive statistics to quickly and easily assess the quality of sample data.
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In Chapter 4, we propose a bi-level optimization model addressing the marine
current turbine layout problem, focusing on the design of the marine farm. To tackle this
model, we introduce the Greedy Heuristic Algorithm (GHA), specifically designed to
effectively handle such complexities. Given the inherent ambiguity of parameters in the
marine farm, we develop a non-parametric scenario-based robust optimization model.
Initially, each scenario within the proposed model is addressed using the GHA.
Subsequently, leveraging the solutions obtained, we introduce a robust GHA to solve the
robust optimization model. This aims to identify a robust solution employing the min-
max relative regret decision rule. Our findings demonstrate that the robust solution

performs admirably across all examined realizable scenarios.

The remainder of the thesis is organized as follows: Chapter 2 details the addressing
of real-time admission control in a queue-time loop production system using the CBC-PS
method. Chapter 3 discusses the calibration of turbulence parameters for the marine
turbine using a surrogate model and metaheuristics algorithm. Chapter 4 addresses the
robust bi-level optimization model of the marine current turbine layout problem using

GHA.. Chapter 5 provides a conclusion of the study.
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Chapter 2 Real-time framework for admission control in

queue-time loop production systems?

A typical flow shop production system constrained by queue times, comprises a loop with
multiple steps where queue time is restricted between each step. To handle dynamic
environments inherent in such systems, we regularly update machine availability and job
arrivals, promptly rescheduling production accordingly. As the number of jobs increases,
the problem's complexity grows exponentially, making computational time a critical
factor in problem-solving success. A mixed integer linear programming (MILP) model
designed for modeling queue-time loop production systems is involved in our proposed
solution. To efficiently solve this model, we employ Combinatorial Benders' cut (CBC),
which decomposes variables into integer and continuous components. Additionally, we
introduce the phase-step (PS) method to reduce model size. By integrating both CBC and
PS methods, known as CBC-PS, we streamline the production scheduling process in
queue-time loop systems, effectively reducing computational burden. In our simulation
study, CBC-PS outperforms existing heuristics such as first-in-first-out (FIFO), threshold
dispatching (TH), and reaction chains (RC) by reducing scrap job instances by up to

39.1%.

This chapter is rewritten based on an article authored by this thesis writer titled “Real-time admission
control in a queue-time loop production system” which is published in Computers and Industrial
Engineering in 2021 (Nurdiansyah et al., 2021).

doi:10.6342/NTU202403713



2.1 Problem background

Queue time constraints in flow shop scheduling problems arise in various industries,
including food processing, semiconductor manufacturing, and steelmaking. These
systems impose a maximum time limit on the queue between successive stages
(Akkerman et al., 2007; Harjunkoski & Grossman, 2001; Joo & Kim, 2009; Scholl &
Domaschke, 2000). Violating these constraints can lead to significant losses, including
production inefficiencies or the generation of scrap jobs. Research by Hsieh et al. (2002)
reveals that in semiconductor manufacturing, approximately 30% of stages in a 200-mm
fabrication process have queue time constraints, resulting in over 50% of jobs being
reprocessed due to exceeding these limits. For instance, in wafer fabrication, once
treatments in furnace tubes are completed, the queue time for wafers to proceed to
downstream stages is restricted to prevent particulate absorption in the air (Su, 2003).
Similarly, the food industry must refrigerate certain prepared and cooked foods for a
specific duration to prevent spoilage; otherwise, they must be discarded (Hodson et al.,

1985).

When industries encompass numerous stages, whether with or without queue time
constraints between successive stages, such as in the glass industry and semiconductor
manufacturing, it becomes feasible to group all stages into several queue-time loops. A
queue-time loop refers to a scenario where the entire production system comprises
consecutive stages with queue time constraints. Within such a loop, all jobs are scheduled
while adhering to these constraints. Jobs between any two loops can be temporarily placed
in a storage without breaching the queue time limits. This study examines a loop with
gueue time limit comprising multiple machines or stages, enabling to solve the resulting

smaller-scale problems within a reasonable timeframe and computational capacity.
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In practical scenarios, the arrival of jobs may occur randomly, and machines may
fail unexpectedly, leading to disruptions in operations. Recoveries from these uncertain
events pose challenges in capacity planning, thereby elevating the likelihood of violations
of queue time constraints (Wu et al., 2012). Previous research by Wu et al. (2010), Wu et
al. (2012), and Wu et al. (2016a) has devised Markov decision models to address the
complexities of a two-stage production system with queue time constraints, incorporating
considerations of machine availability status. Lee et al. (2005) introduced reaction chains
(RC) as a mechanism to mitigate the influence of queue time control on tool availability
in semiconductor manufacturing. Wu et al. (2016b) proposed a threshold dispatching rule
(TH) to minimize capacity loss and rework rate by managing the work-in-process (WIP)

level in a time-constrained production environment.

Prior studies in production control systems predominantly focus on the status of
machine failures and recoveries. In contrast, our investigation accounts for the most
recent updates on job arrivals and machine failures and recoveries, aligning with the
approach adopted by Wang et al. (2018) and Hong et al. (2019). Notably, the queue time
constraint formulation and the underlying causes of violations distinguish our study from
Wang et al. (2018). Additionally, Hong et al. (2019) segment the continuous time window
into discrete units, potentially resulting in larger problem sizes. To avoid this issue, our
modelling approach directly addresses the starting and completion times of jobs within a

continuous time framework.

This study addresses the challenges of applying stochastic models in real-world
production systems. While multistage stochastic models are a potential solution, they
often rely on estimated parameter distributions which may be unavailable or non-
stationary (Madathil et al., 2018). To overcome these limitations, we formulate a novel
queue-time loop scheduling system using Mixed Integer Linear Programming (MILP)

9
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model. Our approach utilizes a deterministic MILP model to capture the dynamic nature
of the system. We achieve this by frequently updating machine availability and job arrival
information, followed by prompt rescheduling based on this latest information. This
process forms a closed-loop system. First, we obtain real-time information on machine
availability (including failures and recoveries) and job arrivals. This data is then used to
solve the MILP model, which provides admission control decisions for each stage in the
production process. Based on these decisions, a new production schedule is generated.
Finally, the loop closes by updating the machine and job arrival data to reflect the current
state of the system. The core of the proposed framework lies in a rolling horizon
mechanism. Similar to existing literature (Qin et al., 2018; Kamran et al., 2019), this
mechanism triggers rescheduling based on a combination of events and time intervals. To
account for the dynamic environment, we update machine availability and job arrivals at

each decision point, enabling real-time response (Qin et al., 2018).

The concept of rolling horizon mechanisms for dynamic environments finds its
roots in the work of Sethi and Sorger (1991). Tang et al. (2005) and Qin et al. (2018)
utilize event-driven rescheduling, while Stauffer and Liebling (1997) and Shafaei and
Brunn (1999) employ time-based intervals. Fang and Xi (1997) explored a mixed
approach based on both events and cycles, highlighting the superiority of rolling horizon

strategies over static scheduling.

Our work distinguishes itself by utilizing shorter rescheduling intervals compared
to existing studies. While this approach offers faster response to system changes, it also
leads to larger problem sizes. To address this, the Phase-step method (PS) is introduced
in this study. This method reduces the size of the problem by disregarding the later

production schedules where all jobs are not scheduled until the final machine or stage.

10
doi:10.6342/NTU202403713



The rolling horizon method is used by Kamran et al. (2019) and Addis et al. (2016)
to allocate patients in the operating room scheduling problem. Both studies share
constraints similar to ours, where the maximum waiting time must not exceed a specified
duration. Table 2.1 provides an overview of relevant literature employing the rolling

horizon method.

Given the computational complexity and time-consuming nature of frequently
updating machine availabilities, job arrivals, and rescheduling production plans, a
solution strategy based on combinatorial Benders’ cuts (CBC) is adopted. CBC separates
an MILP model into integer problems (defined as master problems) and continuous
problems (defined as slave problems). The optimal solution is obtained through iterative
solving steps. It identifies the smallest subset of variables that address infeasibility,
resolving it by modifying at least one integer variable. Conversely, traditional Benders’
decomposition relies on solving the problem using a dual solution approach, dividing it

into subsets (Chen et al., 2012 and Taskn & Cevik, 2013).

Researchers have observed several benefits of CBC. In the branch and bound tree,
Tanner and Ntaimo (2010) highlight its ability to reduce the number of nodes investigated
and solution times. Compared to the branch and cut approach, Chen et al. (2012)
emphasize its performance. Solution quality and computation time are noted by
Verstichel et al. (2015) compared to exact approaches. CBC capability to handle small to
medium-sized instances effectively is also demonstrated by Akpinar et al. (2017).
Moreover, recent studies by Nurdiansyah and Hong (2018) indicate that CBC yields

superior solutions with a reasonable computational time compared to the CPLEX solver.

11
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Table 2.1 Literature survey

Literature Problem nterval of Solution method
reschedule

Stauffer and Job shop Daily Tabu search

Liebling (1997)

Shafaei and Open shop Hourly Dispatching rules

Brunn (1999)

Tang et al. (2005) Hybrid flow - Neural network
shop

Addis et al. Operating room  Weekly Integer Linear

(2016) Programming

Lvetal. (2017) Hybrid flow - Heuristics algorithm
shop scheduling

Qinetal. (2018)  Hybrid flow - Metaheuristics algorithm
shop scheduling

Kamran et al. Surgery room - Heuristics algorithm

(2019)

Present study Hybrid Flow In minutes Combinatorial Benders’ cut

shop with queue

time constraints

+ Phase-step method

Addressing the sophistication of the problem, the phase-step (PS) method is

proposed, reducing the model size. Heuristic methods, commonly used in practice to

tackle real-world problems, have shown promising performance in flow shop scheduling

challenges. The policy of production control in this study regularly updates job arrivals

and machine availability followed by rearranging schedule in real-time. As a result, the

previous production schedule becomes unusable at the current decision time point,

eliminating the need to compute the schedule for all jobs until the final stage. The PS

method achieves this by reducing the number of future stages considered. Additionally,

12

doi:10.6342/NTU202403713



we propose a combination of the CBC and PS methods, referred to as CBC-PS. Through
an investigation spanning 200,000 minutes of plant operations, our findings indicate that
the number of scrap jobs can be reduced up to 39.1% by the CBC-PS compared to RC,

TH, and FIFO approaches.

The contributions of this research to the existing literature are in several ways.
Firstly, it illustrates and demonstrates the utilization of a deterministic model to address
dynamic production system challenges. Secondly, it groups consecutive stages with
queue-time constraints into queue-time loops within the production system. Thirdly, the
proposed PS method reduces the number of variables in the model. Lastly, theoretical
findings reveal that the production schedule derived from the CBC-PS method aligns
closely with the optimal production schedule. Next, we describe the problem and the
modelling strategy, and formulates the MILP model in subchapter 2.2. Subchapter 2.3
explains the CBC, PS method, and combination of them. Subchapter 2.4 outlines the

numerical study. Subchapter 2.5 explains the conclusion of the research.

2.2 Mathematical Model

In the semiconductor manufacturing, glass and food industries, there are various
machines or stages in their manufacturing process that are subject to a queue time
constraint between successive stages, forming what is termed as a queue-time loop. Our
focus lies in a queue-time loop with numerous stages where each stage contains several
machines identically. Allocation of the jobs to each machine to obtain the optimal
objective function is the goal. Each job has to undergo processing on a designated
machine, without interruption, following a consistent production flow. This research
follows these assumptions.

13
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1. Jobs undergo successive stages following the identical production sequence.

2. Each machine handles only one task at a time, and every task must be executed on a
machine at each stage without interruption.

3. A task may advance to the subsequent stage upon completion of the current one.

4. At each subsequent stage, distinct upper limits impose constraints on queue durations,
preventing tasks that surpass these limits from further processing, resulting in their

elimination.

Fig. 2.1 depicts the concept of a queue-time loop production system. Each stage is
equipped with a single queue and M parallel machines. Let us assume that queue 1 has
four jobs and stage 1 has two parallel machines. The first and second jobs undergo
processing on the first and second machines at stage 1, while the third and fourth jobs
await processing. Upon completion of stage 1, the first and second jobs transfer to queue
2, while the third and fourth jobs are handled at stage 1. Upon the entry of the first and
second jobs into queue 2, the limit of queue time initiates. The queue time the first and
second jobs in queue 2 is restricted by the queue time limit. If the violation of queue time
limit occurs the jobs are discarded. These procedures are followed by all jobs at each

stage till reaching the terminal stage, exiting this loop upon terminal stage completion.

Machine 1 :

Machine 2

Job
Arrival
——

Queue 1 Queue 2

Machine M

Queue time constraint Queue time constraint

Fig. 2.1. Flow of queue-time loop system (adapted from Hong et al., 2019)
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We construct an MILP model for a queue-time loop scheduling problem. We notate

the model’s parameters and decision variables as follows:
Parameters

S number of stage;

M’ number of machines at stage f;
Qq bundle of jobs in queue q;

q number of jobs in queue g;

p’ processing time at stage f;

qT/  queue time constraint of stage f;

a]f beginning time of machine j can process at stage f;
T present time.

Decision variables

Sqi  Start time of job i in queue q at stage f;
Cai finish time of job i in queue q at stage f;

f . . .. .
e,; Gueuetime breach of job i in queue q at stage f;

y;i,j binary variable (= 1 if job i in queue q is treated in machine j at stage f, = 0
otherwise).
We adapt Lee (2017) to formulate the queue-time loop scheduling problem as
follows:
1|

S

o f a f
minimjze (s + e > (2.1)
e 2 2. (st 57 <t

i f=1q=fi=1

%)
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Based on 2.1, the objective function is for minimizing the start time of all jobs at each
stage and queue time breach, where « is the penalty weight of the breaching of queue
time limit. We penalize heavily if the queueing time in a later step (downstream stage)
exceeds its limit. This is because a queue overflow there means all the earlier steps

(upstream stages) were also overloaded. Here are the specific constraints:

mf
Zy({,i‘jz1,Vf€{1,...,S},VqE{f,...,S},ViEQq 2.2)
j=1
Mmf
s;i+2y;i,j-pf=c¢’;i,‘v’fe{1,...,5},Vq €{f,....SLVi€Q, (2.3)
j=1
Mmf
f foof .
sq,izzaj VY €L ShYg ELf,..., S ViEQ, 2.4)
j=1
_1 .
shozclTvfe2,. . S YqE(f, ... S} Vi€ Q, (2.5)

si; =T Vie, (2.6)

Constraint (2.2) specifies that each job must be processed on one of the machines
at each stage. Constraint (2.3) determines the completion time of job i during operation
q by summing the starting time of job i in operation g with the processing time of
machine j at stage f. Constraint (2.4) requires that the starting time of job i in operation
q on machine j must be greater than or equal to the allowable time. Constraint (2.5)
ensures that job i can only begin processing at stage f if it has been completed at the

previous stage. Constraint (2.6) mandates that the starting time of job i at the first stage
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must not be earlier than the decision time. At the start of each experiment, the time always

begins at zero.

_1 .
el =max{(s], - cI7t —qT"),0LVf €{2,....S} Vg € {f,....S},Vi € Q 2.7)

St M2 =yl -yl )2 vref sy,

q,i+k
(2.8)
vqe{f,....ShVvie{l,..., K, -1}, Vke{1,.... K, — i},Vj € {1,..., M/}
Sk =SSPV e, LSV ELS, .. ShViE (L, . K, — 1},
(2.9)

vk €l,...,K, — i}

Referring Nurdiansyah et al. (2021), constraint (2.7) defines a queue time breach,
which occurs if the queue time—calculated as the starting time of job i at the current stage
minus the completion time of job i at the previous stage—exceeds the maximum

allowable queue time at stage f. Constraint (2.8) specifies that if jobs i and i + k are
assigned to the same machine j at stage f, then both y({,i,j and y({’Hk’j must be set to 1,
where K, represents the number of jobs in operation g. This means that job i must be

completed before job i + k (i.e., 5], = ¢/ ). Ifeithery/, . ory!. , isnotequal to 1,
then constraint (2.8) does not impose any restrictions due to the large value of M in the
model. Additionally, when jobs are assigned to different machines at the same stage,
constraint (2.9) requires that each job’s starting time must respect the order of jobs in the

queue. The settings for nonnegative and binary variables are specified in constraints

(2.10) to (2.13).
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shi=20fe(l,... . Shqeff,...Shieq, (2.10)

/20, fefl...,SLq€(f...S)ieq, 2.11)
el 20 fe(1,....Shae{f,...S)ieq, 2.12)
y! €101 f € (L, SLa € lf, ., Shi€ Q)€ L., M} (2.13)

To manage the dynamic conditions in a queue-time loop production system using
the proposed deterministic MILP model, we employ a rescheduling strategy. This strategy
involves iteratively rescheduling jobs at each stage whenever there are updates to job
arrival times and machine availabilities, as illustrated in Figure 2.2. At each decision time,
the statuses of machine failures, recoveries, and job arrivals are updated, providing the
input data for the MILP model. After solving the MILP model, the solution, which
specifies the starting time of each job at each stage, is used to make the admission control
decision. This updated admission control decision enables us to regenerate the production
log file, which represents the production schedule from the previous decision point. The
production log file is then revised based on the updated admission control decision, and

this cyclical process continues until the predefined number of decision points is reached.
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2.3 Solution approach

Initially, we explain the CBC approach for addressing the MILP model. Subsequently,

we introduce the PS technique aimed at diminishing the model size.

2.3.1 Combinatorial Benders’ cuts

The CBC method has shown promising results in terms of solution quality and
computation time in various studies (Tanner & Ntaimo, 2010; Verstichel et al., 2015;
Akpinar et al., 2017). Using CBC to address the proposed MILP model has the benefit of
breaking the problem down into a master problem and a slave problem, thus simplifying
it into two more manageable parts. According to Codato and Fischetti (2006), the master
problem involves only integer variables for its objective function and constraints, while
the slave problem deals with the remaining continuous variables and their constraints. In
our model, the objective function is composed entirely of continuous variables. Therefore,
the MILP model is divided into a master problem with its associated constraints and a
slave problem with an objective function and constraints related to continuous variables.
Below, we provide the formulations for both the master and slave problems.

Input parameters for generating the production log file

Admission control decision of each
stage obtained by the CBC-PS

\—’_’/’,/— v

Solve the MILP model by Regenerate the production !og. file
the CBC-PS based on the updated admission

control decision

A

The status of machine failures and
recoveries, and arrival times
of each job

e

Input parameters for solving the MILP model

Fig. 2.2. The cyclic method (adapted from Hong et al., 2019).
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Masters: Constraints (2.2)
Slave: Objective function (2.1)
S.t.

Constraints (2.3) — (2.13)

In a specific scenario where the original MILP problem's objective function does
not include integer variables, a bound inequality like (2.14) is introduced to the slave
problem. In this context, the upper bound (UB) represents the objective function value of
the current solution, and ¢ is a sufficiently small positive number. Unlike the standard
CBC method, which only generates a cut when the slave problem is infeasible, this study
creates a cut both when the slave problem is infeasible or feasible. This cut is then added
back to the master problem. The purpose of this approach is to prevent the master problem
from reproducing the same solution as in previous iterations; otherwise, the same

constraint from the master problem is enforced.

Master (integer) problem handles allocation of jobs to machines at each stage, i.e.
y‘{_ ij» While subsequently, the continuous problem assesses the feasibility of solution

derived from master problem. Notably, the slave problem involves continuous variables

o .f

Sq,i' Cq,i'

and e‘f’i. In cases where the original MILP problem's objective function lacks
integer variables, as described by Codato and Fischetti (2006), continuous problem
introduces a bound inequality (2.14). In this context, the upper bound (UB) is defined as
the objective function value of the current solution, and € is a very small positive number.
Our study deviates from the conventional implementation of the CBC approach.
Traditionally, CBC introduces a cut only when the slave problem is found to be infeasible.
However, our method incorporates a cut regardless of whether the slave problem produces
a feasible or infeasible solution, subsequently reintroducing this cut to the master
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problem. This adjustment is designed to prevent the master problem from generating the
same solution as in the previous iteration, thus avoiding the reapplication of identical
constraints. Considering the model's objective function, as detailed in subchapter 2.2,
focuses on minimizing the start time of all jobs at each stage and reducing queue time

violations, CBC consistently aims to minimize these objectives with each iteration.

CBC initiates by addressing the master problem and obtaining the solution outlined
in  (2.2), denoted by Y*= {y{_i_j*:f =1..5 i€Qg,j=1.,Mq=f S}
Subsequently, Y™ is utilized in addressing the slave problem. After resolving the slave
problem, in the event of infeasibility during the current iteration, cut (2.15) is formulated
and reintegrated into the master problem. Conversely, if the slave problem proves
feasible, the optimal objective value, denoted as Z*, is determined, and the current best
solution is updated using (Y™, Z*). Furthermore, cut (2.15) is generated anew and
reinserted into the master problem. The entire process concludes when we have infeasible

master problem. Algorithm 2.1 details the specific procedures of the CBC.

S S
f a _ 2.14
Z z<sq,i+5_f eq,i)SUB £ (2.14)
q=11i=1f=q
2 yq]ii’j+ Z (1_3’;,1,1')21
. X (2.15)
J-{yf;iljeY*:y{;i_j =0} J':{y{;_i_jeY*:y{;_i_j =1}

The CBC algorithm swiftly attains the optimal solution by breaking down the initial
MILP model into distinct master and slave problems. Nevertheless, the complexity of the
problem discussed in this study escalates to NP-hard status in the scenario of two stages

scheduling problem (Yang & Chern, 1995). With an increase in problem size, the number
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of decision variables also rises accordingly. The subsequent subchapter demonstrates that

the PS method offers additional reduction in variables by using the domain expertise of a

queue-time loop scheduling problem.

Algorithm 2.1 Modified CBC algorithm for a queue-time loop scheduling problem

Initialization
1. Let £ = 0.0005 and UB is set to be an infinite number.
2. Include equation 2.14 to the slave continuous problem.
3. Go to the Primary Step.

Primary Step
1. Resolve the integer problem.

if

else

end if

infeasible integer problem occurs then

the best solution is UB.

Algorithm stops.

Let Y™ be a feasible solution to the integer problem.
Go to Step 2.

2. Apply Y™ to the continuous problem. Resolve the continuous problem.

if

else

end if

infeasible continuous problem occurs then

Construct 2.15 and include it to the integer problem.

Go back to Step 1.

optimal objective value Z* of the continuous problem is obtained.
UB =Z".

Construct 2.15 and include it to the integer problem.

Go back to Step 1.

2.3.2 Phase-step method

In the proposed MILP model, scheduling all jobs at each stage of the queue-time loop

production system is required. As the number of jobs and stages increases, the complexity

of the problem also grows due to a substantial rise in variables. As a result, the CBC

algorithm might find it challenging to deliver a solution in a reasonable amount of time.

Our production

control strategy operates in a dynamic environment, continuously

updating the statuses of job arrivals, machine failures, and recoveries. It reschedules

production on an ongoing basis at each decision point. The CBC then solves the updated

model using the latest status information, as illustrated by the dashed arrows in Fig. 2.3.
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Jobs are scheduled sequentially from the initial stage to the final stage. When applying
the production control strategy at the current decision point, the previous production

schedule becomes obsolete as it is updated according to the newly recalculated results.

@® Decision time point
— — —»Dashed arrows: Production schedule within the entire planning horizon

» Dotted arrows: The recalculated production schedule in every decision time point
Fig. 2.3. Solving scheme

Next, we present the PS method, which diverges from the approach of scheduling
all jobs through to the final stage at every decision time point. We use the index g to
denote the decision variables at each decision point. To reduce the number of decision
variables, we discard production schedules that are significantly distant and concentrate

on the streamlined model.
The PS method is based on three key definitions:

Definition 1: The mean processing time for stage f is obtained by dividing the processing

time of stage f by the total number of machines available at that stage.

Definition 2: Stage f is classified as a phase-step if its mean processing time is greater
than that of stage f + 1 and if the number of jobs in queue g exceeds the number of

available machines at stage f.
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Definition 3: The first n jobs in stage f are referred to as necessary jobs if there are
exactly n available machines at stage f, while all other jobs are labeled as non-necessary

jobs.

The following examples demonstrate the defined concepts. If the mean processing
time at stage 2 is greater than at stage 3, and the number of jobs at stage 2 exceeds the
available machines, then stage 2 is classified as a phase-step, as shown in Fig. 2.4.
Similarly, if stage 4 meets the criteria outlined in Definitions 1 and 2, it is also designated
as a phase-step. Stage 2 is considered the current phase-step, while stage 4 is recognized
as the next phase-step. For instance, if there are five jobs and only three machines
available at stage 2, the first three jobs are classified as necessary, and the remaining two

as non-necessary.

According to the PS method, jobs not at a phase-step are scheduled up to the next
phase-step. Non-necessary jobs at a phase-step are scheduled up to the current phase-step,
whereas necessary jobs are scheduled up to the subsequent phase-step. As illustrated in
Fig. 2.4, all jobs at stages 1 and 2, excluding the necessary ones at stage 2, are scheduled
up to stage 2, while the necessary jobs at stage 2 are scheduled until stage 4. Even with
the reduction in decision variables and the size of the MILP model, the following
proposition asserts that under the PS method, the production schedule for the smaller-

scale problem will result in the same outcome as the full planning horizon.

Phase step Phase step
1 1
1 1
Stage 1 Stage 2 Stage 3 Staged Stage 5
1 1
I I -
6o — | o ga' — 6] —Pil’
— ), — " —
50 O O S0 O
Queue Queue 1 Queue Queue 1 Queue
1 1
1 1
1 1

Fig. 2.4. Phase-step strategy
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Lemma 1. If there is only one machine available at each stage,

1. the production schedule for essential jobs derived using the PS method at each
decision point remains consistent with the production schedule for the entire planning
horizon, and

2. the production schedule for non-essential jobs obtained from the PS method at each
decision point is also consistent with the production schedule for the entire planning

horizon.
Proof.

Consider stage f as the second-last phase and stage g as the final phase. With only
one available machine, the average processing time for stages f and g is equivalent to
their respective processing times. Let p/ represent the processing time at stage f. At the
previous decision point, we have the production schedule for non-essential jobs up to
stage f and for essential jobs up to stage g. The completion times for non-essential and
essential jobs at stages f and g, respectively, derived from the previous decision point's
schedule, serve as the starting points for calculating the current production schedule. Let
job i be an essential job and job i + 1 a non-essential job. In the current production
schedule, while job i needs to be scheduled from stage g + 1 to the final stage, job i + 1

needs to be scheduled from stage f + 1 to stage g.

(@) To minimize the start time, job i in queue q is processed immediately at stage g + 1
after completing stage g. Consequently, in the current production schedule, the start
time of job i in queue g at stage g + 1 is equal to the completion time of job i in
queue g at stage g in the previous decision point's production schedule, as stated in
(2.16).

sg,ﬂ = cg,- (2.16)
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Clearly, since there is only one machine available at stage g + 1, job i is assigned to

this same machine. The queue time of job i at stage g + 1 is calculated using (2.17).

g+1

Sq,i

cgizk-pg+1+r k e N,r € R. (2.17)

Here, k represents the number of jobs waiting to be processed at stage g + 1, and r
denotes the remaining processing time of the job currently on the machine. If the
queue time of job i in queue q at stage g + 1 is less than or equal to the queue time
limit for stage g + 1 as defined in (2.18), there is no violation of the queue time limit.

Conversely, equation (2.19) indicates a violation.

1

soit—cd < qrItt, (2.18)
g+1 _ g

Sqi — Cqi > qTIh (2.19)

Constraint (2.7) ensures a penalty is enforced on job i in queue q at stage g + 1 if a

queue time limit violation occurs, as outlined in (2.20).

g+1 g g+1
Sqi —Cai > qT9 M+ el (2.20)

q,t q.i
If a penalty is enforced on job i in queue g at stage g + 1, then job i is cancelled,;
otherwise, the start time of job i in queue q at stage g + 1 is (2.21):

g+1 _

Sqi = c(f,i +k-p9tl 7. (2.21)

The finish time of job i in queue q at stage g + 1 is (2.22):

g+1 _ _g+1 1
Coi =Sgi +tpith (2.22)

Job i enters stage g + 2. The start time of job i at stage g + 2 is equal to the finish

time of job i at stage g + 1 as (2.23):

soit =it (2.23)
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The calculation of queue time of job i at stage g + 2 is similar to the calculation of
queue time of job i in stage g + 1. If there is a violation of queue time limit at stage
g + 2, then a penalty is imposed on job i at stage g + 2. Therefore, use the (2.16) —
(2.23) to calculate the production schedule of job i from stage g + 1 until the final
stage to obtain the optimal production schedule. The starting time, queue time
violation, and completion time of the necessary job calculated from stage g + 1 until
the final stage are identical to the starting time, queue time violation, and completion
time calculated from the first stage until the final stage. Therefore, the current
production schedule of necessary jobs obtained by the PS method is identical to the

corresponding optimal production schedule of the entire planning horizon.

(b) The scheduling strategy of job i + 1 from stage f + 1 to stage g is similar to
scheduling job i from stage g + 1 to the final stage. Therefore, use (2.16) — (2.23) to
calculate the starting time, queue time violation, and completion time of job i + 1
from stage f + 1 until stage g to obtain the optimal production schedule of non-
necessary jobs. The starting time, queue time violation, and completion time of the
non-necessary jobs calculated from stage f + 1 until stage g are identical to the
starting time, queue time violation, and completion time calculated from the first
stage until the final stage. Therefore, the current production schedule of non-
necessary jobs obtained by the PS method is identical to the corresponding optimal

production schedule of the entire planning horizon.
Lemma 2: If each stage has multiple machines,
1. the production schedule for necessary jobs derived using the PS method at each
decision point remains the same as the corresponding production schedule for the
entire planning horizon, and
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2. the production schedule for non-necessary jobs obtained using the PS method at each
decision point remains the same as the corresponding production schedule for the

entire planning horizon.
Proof.

(@) For the multiple machines case, the number of necessary jobs is the same as the
number of available machines in each stage. Without loss of generality, assume there
are m available machines at stage g + 1. It is clear that there are m necessary jobs at
stage g + 1. Since m available machines are at stage g + 1, then the mean

processing time of stage g + 1 is the processing time of stage g + 1 divided by m

g+1

existing machines in stage g + 1. Let p; denote the processing time of machine j

at stage g + 1. To minimize the start time, allocate m necessary jobs in parallel to
the m existing machines to process, i.e. only one job is allocated to a machine in each
stage. Thus, use (2.16) — (2.23) to compute the start time, the breach of queue time,
and the finish time of the necessary jobs from stage g + 1 to the last stage. Applying
this method until the final stage optimizes the production schedule of the necessary
jobs. This method generates an identical starting time, queue time violation, and
completion time computed from stage g + 1 to the final stage to the start time, breach
of queue time, and finish time computed from the beginning stage to the last stage.
Thus, the existing schedule of necessary jobs gained by the PS method is matching

to the corresponding schedule of the whole planning horizon.

(b) For the case with m available machines in a stage, jobs m + 1, m + 2, ... are non-
necessary jobs. To minimize the starting time, assign these non-necessary jobs in
parallel to the m available machines for processing, i.e. only one job is assigned to

one machine in each stage. Therefore, use (2.16) — (2.23) to calculate the starting
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time, queue time violation, and completion time of those non-necessary jobs from
stage f + 1 until stage g to obtain the optimal production schedule. When the
starting time, queue time violation, and completion time of the non-necessary jobs
calculated from stage f + 1 until stage g are identical to the starting time, queue time
violation, and completion time calculated from the first stage until the final stage,
then the current production schedule of non-necessary jobs obtained by the PS
method is identical to the corresponding optimal production schedule of the entire

planning horizon.

Proposition: The production schedule generated by the PS method is the same as the

corresponding schedule for the whole planning horizon.
Proof.

According to Lemma 2, the optimal schedule for necessary and non-necessary jobs
derived using the PS method is the same as the corresponding optimal schedule for the
whole planning horizon. In a queue-time loop scheduling problem, all jobs are
categorized as either necessary or non-necessary. Hence, the optimal schedule generated
by the phase-step method matches the corresponding optimal schedule for the whole

planning horizon.

A sufficient volume of jobs within a stage is crucial for the PS method to exclude
non-necessary schedules for distant future stages within a rolling-based production
schedule. The PS method is particularly effective when most jobs across stages are non-
necessary, as it allows the elimination of a significant portion of variables related to future
stages. Similar to the lookahead policy, the PS method explicitly considers specified
future stages during schedule regeneration at each decision point (Romer & Mellouli,

2016).
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By integrating the CBC with the PS method, a schedule for a queue-time loop
scheduling problem can be created within a affordable computational time. While the
CBC quickly resolves the model, the PS method provides the CBC with necessary

information about future stages needed for scheduling jobs at each decision point.

2.4 Numerical study

Our hypothetical scenario mirrors the scale of a practical queue-time loop encountered in
semiconductor manufacturing. We investigate a 4.6-month operation period (equivalent
to 200,000 minutes) segmented into ten thousand decision time points. At each of it, we
execute the cyclic process depicted in Fig. 2.2. Updates to job arrival statuses, machine

availabilities, and production log file rescheduling occur every 20 minutes.

The queue-time loop system has six stages. There are two identical machines in
stages 1, 2, 3, and 6 and there are three identical machines in stages 4 and 5. The
processing times for stages 1, 2, 3, 4, 5, and 6 are 25, 45, 25, 105, 70, and 100 minutes,
respectively. An infinite queue time limit is assumed for stage 1, as jobs preceding stage
1 can be buffered before entering the queue-time loop process. Queue time limits for
stages 2 through 5 are set at 250 minutes, while stage 6 has a queue time limit of 350

minutes.

To demonstrate CBC's efficiency, the number of jobs varies in the system. We run
the program for three minutes and compare the "feasible solution quality" gained by CBC

and CPLEX. The results are shown in Table 2.2.

The same objective function values occur for both CBC and CPLEX for 10, 20, and
jobs. However, for more than 30 jobs, CBC demonstrates superior performance over

CPLEX.
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Subsequently, we examine ten thousand decision time points to assess the CBC-PS
performance. We specifically analyze the impact of two parameters, job arrivals and
queue time limits on throughput and the number of scrap jobs. The mean time between
failures (MTBF) for stages 1, 2, 3, 4, 5, and 6 is set to 1100, 1200, 1100, 1400, 1200, and
1200 minutes, respectively. The mean time to repair (MTTR) for stages 1, 2, 3, 4, 5, and
6 is set to 25, 280, 25, 80, 115, and 85 minutes, respectively. We set two levels of job
arrivals and queue time limit parameters, low and high levels. Table 2.3 details the four
scenarios: LL, LH, HL, and HH. For instance, LH denotes low job arrival levels and a
high queue time limit. Employing the schedule generated by CBC-PS, throughput and the
number of scrap jobs are compared with FIFO, threshold (Wu et al., 2012), and reaction

chain (Lee et al., 2005).

The results are illustrated in Fig. 2.5, with bar and dots charts indicating the number
of scrap jobs and throughput, respectively. Fig. 2.5 illustrates that CBC-PS demonstrates
superior performance over threshold (TH), reaction chain (RC), and FIFO methods in
terms of reducing scrap jobs for all scenarios and maintains nearly identical throughput
levels. CBC-PS notably minimizes scrap job numbers, particularly when job arrivals are

frequent in the queue-time loop production system.
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Table 2.2 Value of objective function

Jobs Value of objective function

number CPLEX CBC

10 9,405 9,405

20 35,340 35,340

30 89,840 89,840

32 120,140 119,685

36 140,300 140,260

40 4,437,095 4,436,735

44 194,745,705 194,743,315

48 488,227,365 487,725,365

52 1,548,881,390 1,548,628,040

60 3,318,800,300 3,315,546,045

64 5,279,976,120 5,278,967,370

68 6,941,735,055 6,848,6605,843

72 8,682,708,890 8,500,797,450

76 10,765,309,115 10,752,704,075

80 12,999,178,745 12,972,160,360

84 14,458,646,190 14,445,546,255

88 18,008,471,485 17,854,838,180

92 20,845,929,550 20,615,983,065

96 23,303,638,414 22,454,392,460

100 27,579,289,375 26,535,369,685

Table 2.3. Settings of parameter
High Low
Number of jobs/days 30 25

Limit of queue time Infinite, 250, 250, 250, Infinite, 200, 200, 200, 200,
limit 250, 350 280
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These findings illustrate that CBC-PS reduces the violation of queue time, leading
to a significant decrease in scrap job numbers. Moreover, the PS method effectively
reduces model variables, enabling CBC-PS to generate efficient schedule within a
affordable timeframe. In the CBC-PS method, the PS method provides the model with
information about distant future stage variables that can be temporarily disregarded at the
current stage while CBC solves the updated model based on the latest statuses of job
arrivals and machine failures and recoveries. Without employing the PS method, CBC
struggles to solve experiments within a reasonable timeframe, given the significant
increase in variables as job numbers rise. Over a 4.6-month plant operation period, job

estimates exceed 3,400.

4000 600

vee
.

\\\

3000+

N\

»
o
o

\

2000

Throughput
juno) desds

T
n
(=]
o

1000

MMM

/
Z
.
.
.
.

0
LL LH HL HH

®FIFO Throughput *RC Throughput @ FIFO Scrap RC Scrap
TH Throughput ® CBC-PS Throughput TH Scrap I CBC-PS Scrap

Fig. 2.5. The results of the base case

We further manipulate parameter settings by increasing MTBF, MTTR, or both by
1.5 times, with Figs. 2.6 — 2.8 displaying the results. Despite variations in parameter
settings, outcomes remain consistent with the original MTBF and MTTR configuration.
For high job arrival levels, CBC-PS consistently reduces scrap job numbers significantly

compared to FIFO, TH, and RC.
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2.5 Summaries

We devise a deterministic MILP-based approach to address the uncertainty in the
problem, continuously updating job arrivals and machine statuses. At each decision point,
we regenerate the production log file using these updates. Our method involves using
CBC to tackle the MILP model, breaking it down into an integer problem and a
continuous variable. To streamline the process and reduce computation time, we
introduce the PS method, which simplifies the MILP model and decreases the number of
variables. This combination results in even fewer variables. Comparing CBC to CPLEX
solver, we find that CBC achieves superior objective function values within three minutes
for large-scale problems with over 30 jobs. Furthermore, comparing CBC-PS to
commonly used FIFO, TH, and RC heuristics demonstrates CBC-PS's superiority in

minimizing scrap jobs, particularly under high job arrival rates.
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Chapter 3 Calibrating the turbulence characteristics using a
surrogate model-based framework: A marine turbine

simulation?

Harnessing sustainable energy from marine currents using marine turbines has become
increasingly prominent in recent years. Evaluating the effectiveness of arrays of marine
turbines necessitates extensive and computationally intensive simulations covering large
domains. This study introduces a framework that utilizes surrogate models in conjunction
with optimization algorithms to fine-tune the simulator's adjustable parameters, thereby
minimizing the disparity between simulation outputs and real-world experimental data.
We observe a 16.97% enhancement in performance compared to previous methods by
employing more sophisticated surrogate models and optimization algorithms.
Additionally, we identify a straightforward opportunity for further performance
enhancement. Utilizing descriptive statistics, we use a visual tool for quickly and easily

assessing the quality of sample data.

3.1 Problem background

The utilization of turbines to harness energy from marine currents has attracted significant
attention, driven by the global focus on generating renewable energy (Ren et al., 2018;

Brutto et al., 2016). However, concerns regarding turbine longevity and costly installation

2This chapter is rewritten based on an article authored by this thesis writer titled “A surrogate model-based
framework to calibrate the turbulence parameters of a vegetative canopy model for a marine turbine
simulation” which is published in Journal of Ocean Engineering and Marine Energy in 2023 (Nurdiansyah
et al., 2023).
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underscore the need for thorough investigation into their hydrodynamic performance
prior to deployment (Nag and Sarkar, 2020; Bryden et al., 2007).

The wake properties for various turbine arrangements are explored by Nuernberg
and Tao (2018), where they observe that the distance between turbines affects how
quickly the air flow returns to normal after passing through them. Proximity between
turbines leads to a notable reduction in current velocity recovery, whereas wider spacing
facilitates better velocity recovery. Gaurier et al. (2020) conduct an experimental study
to examine the impact of turbulence intensity on wakes, configuring two upstream
turbines and one downstream turbine. Compared to upstream turbines, downstream
turbines exhibit reduced velocity and amplified turbulence levels.

Mycek et al. (2014) investigate hydrodynamic performance properties of turbines
in a flume. Their research employs an 18 m-long, 4 m-wide, and 2 m-deep flume tank,
along with a marine turbine featuring a three-blade with a radius of 0.35 m. The turbine
is exposed to a flow with an average velocity (U) of 0.8 m/s and initial turbulence
intensities (I) of 3% and 15%. Reduced turbulence leads to smoother and more
predictable water flow. Based on this, hydrodynamic performance, measured by current
velocity and turbulence intensity, is captured in four sets of data points. These data are
collected at ten points downstream of the turbine and organized into a 4x10 matrix. The
matrix includes velocity and turbulence data for both low (3%) and high (15%) turbulence
conditions. Figure 3.1 visually represents the test environment with data points collected
at distances ranging from 1.2 to 10 times the turbine diameter.

In practical, conducting physical experiments like this one and similar ones is
costly, inefficient, time-consuming, and environmentally harmful. Moreover, these
experiments tend to be repetitive, as each new experiment necessitates conducting a

prototype (Milne et al., 2013). A simulation model has been proposed, such as by Olson
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et al. (2021), Brunetti et al. (2019) and Dosi et al. (2021) to highlight its efficacy and
suitability as reduced models to robustly tackle complex systems. This research
introduces an surrogate model approach coupled with optimization techniques to imitate

the hydrodynamic characteristics of a marine turbine.

_______ > T
2m % > 07m @--=men @@ @@ @ -@----—-@-----= ®------ )
. l d=12 2 3 4 5 6 7 8 9 10

< 18 m >

Fig. 3.1 Flume tank side view (adapted from Mycek et al., 2014)

OpenFOAM (Open-source field operation and manipulation), introduced by
OpenCFD Ltd., is a widely used computer program in both academic and industry for
computational fluid dynamics (CFD). Considering marine turbine arrays can span wide
area, the actuator disc method in OpenFOAM is used since our simulations cover domains
of this scale. Although other methods like the blade element method and actuator line
models exist, they offer little additional resolution due to the lack of publicly available
experimental and field data for marine turbines, making the additional computational cost
unjustified. The actuator disc method in the OpenFOAM model approximates turbines
and describes the turbulence of actuator disc based on an approach conducted to simulate
currents through vegetative canopies. Réthoré et al. (2009) and James et al. (2020) have
been applied the model to wind turbines and marine turbines.

Two hydrodynamic properties of downstream turbine, i.e., current velocity and
turbulence intensity have been simulated by Olson et al. (2021) utilizing OpenFOAM

using data from Mycek et al. (2014). With four outputs at ten distinct locations and two
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initial conditions, we generate a graph to display the performance of the reference model

without any modifications, as depicted in Fig. 3.2. Fig. 3.2 highlights a substantial

disparity between the reference model without any modifications and the physical
experiment vectors. On average, the reference model without any modifications presents

a 28.20% MAPE (mean average percentage error) compared to the physical experiment

vectors. This model adjusts four continuous parameters (B,, B4, C-4 and C,s) to zero.

While some researchers suggest values for these parameters (e.g., James et al., 2020;;

Réthoré et al., 2009; Katul et al., 2004), the optimal settings remain undetermined. In this

study, the adjustable parameters in the vegetative canopy model, i.e., B, Ba, Ce4 and Cs,

are calibrated to find their optimal value by minimizing MAPE.

However, there are limitations to using OpenFOAM. For instance, Olson et al.
(2021) run a single setup of the OpenFOAM simulation model on the Sandia National
Laboratories supercomputer for an hour. Additionally, due to the parameters are
continuous, the number of iterations required to gain the optimal values of those
parameters can be infinite. Consequently, extended simulation durations greatly limit the
number of iterations that can be performed to find the optimal values.

To address these limitations, our goal is to minimize the Mean Absolute Percentage
Error (MAPE) between the vectors generated by the OpenFOAM simulator and those
obtained from physical experiments. We improve upon the approach of Olson et al.
(2021) in three significant ways:

1. Surrogate Model Enhancement: We use an Artificial Neural Network (ANN) instead
of the Gaussian model to construct the surrogate model, aiming to boost its
performance. Numerous studies have shown the effectiveness of ANN as a meta-
model for Computational Fluid Dynamics (CFD) simulations, especially for modeling

complex, non-linear, and computationally intensive systems. For instance, Elsayed and
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Lacor (2013) employed ANN to analyze the performance of a gas cyclone separator,
examining the impact of parameters like inlet height, inlet width, vortex finder
diameter, and cyclone total height. Similarly, Gholami et al. (2015) used ANN to
simulate flow characteristics in sharp bends within an open channel, while Lira et al.
(2022) applied ANN for the analysis and optimization of micro-photocatalytic
reactors. Despite ongoing efforts to refine the mathematical characterization of
approximation properties for data-driven techniques utilizing ANN, as highlighted by

Pichi et al. (2023), there are still limitations to these outcomes.
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Fig. 3.2 The performance of the reference model without any modifications (adapted

from Olson et al., 2021)
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2. Advanced Optimization Algorithms: We implement more sophisticated optimization
algorithms, including Genetic Algorithm (GA) and Particle Swarm Optimization
(PSO), to optimize the values of the adjustable parameters.

3. Further Parameter Calibration: We explore the potential for additional parameter
calibration to achieve further improvements.

The discrepancy observed between the vectors derived from physical experiments
and simulation allows us to exclude subsets of simulations during parameter calibration.
As a result, we eliminate the need for running numerous costly and time-consuming
simulations, leading to a performance enhancement of 16.97% compared to Olson et al.
(2021).

Next, in subchapter 3.2, we outline the development of the OpenFOAM model, the
framework of the surrogate model, and three error metrics utilized to assess performance
of the surrogate model. Subchapter 3.3 delves into the surrogate model, while subchapter
3.4 elaborates on the PSO and GA. Subchapter 3.5 covers the calibration of adjustable
parameters, followed by subchapter 3.6, which details a visual tool designed to aid
researchers in swiftly evaluating the sample data's quality. Finally, subchapter 3.7

provides a conclusion to the study.

3.2 Framework and development

3.2.1 OpenFOAM model development

The Reynolds-averaged Navier—Stokes two-phase volume of fluid method alongside the
k — & equations turbulence model is applied in the InterFoam solver applies to define the
flow pattern. The openFOAM model development in this study refers to Olson et al.

(2021) and Nurdiansyah et al. (2023). The resultant grids from the OpenFOAM settings
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representing the IFREMER flume validate the adequacy of using a surrogate model

instead of the OpenFOAM model (Olson 2019).

3.2.2 Model of vegetative canopy
Vegetative canopy model integrates two essential parameters: k, denoting turbulent
kinetic energy, and €, representing the dissipation rate of that energy. These variables are

defined by (3.1) and (3.2) respectively.

1
S = Ecx(ﬁpm — BaUk), (3.1)

1
Se = 2Cy (BpCea= U = BaCesUe), (32)

where C,(—) denotes the changed thrust coefficient (C;) and U (m/s) describes the
velocity of the flow at the actuator disc. Parameter 5, determines the portion of k
transformed into kinetic energy of wake-generated due to drag, thereby characterizing the
ratio of mean kinetic energy directly converted into turbulence. Equations (3.1) and (3.2)
trust on U. However, turbine occurrence alters the local current field, necessitating

updates to the exact thrust coefficient of the disc, C,.(—), as (3.3) and (3.4) (Stallard et

al., 2013).
Cy = Zﬁ, (3.3)
1+J1-¢,
Cx = p(A4Ca), (3:4)

where A; (m?) describes the flow-facing area of the actuator disc and p denotes the
density of water.
For an actuator disc model, accurate thrust coefficient (C;) and power coefficient

(Cp) curves derived from experimental data or manufacturer specifications are crucial.

Adjustment of the model to match the C,/C, of the turbine is necessary if they differ.
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While actuator disc size may be inconsequential for deeply submerged turbines, it can
impact C./C, curves. Unfortunately, this study lacks experimental data for various
settings, highlighting a limitation. Access to such data would significantly enhance the
method's validation. By employing the k- € turbulence equation and these variables, the
model effectively simulates turbulent flow behavior within vegetative canopies, offering

utility across applications such as marine hydrokinetic turbine design optimization.

3.2.3 Framework of surrogate model and its performance

The surrogate model framework is illustrated in Fig. 3.3. Initially, investigations are
devised by changing values of adjustable parameters. Utilizing training and validation
data gathered from the OpenFOAM, the surrogate model is trained. The fitting error is
employed to assess the accurateness of the surrogate model's predictions, representing the
comparison between the surrogate model result and the validation data using MAPE, as

defined in (3.5).

MAPEsrgt/sim =

LYY

m=1 j e d

S _ pSr
M -100%, (3.5)

j.ed
j€e{U,I}; Ve € E; vd € D,

Where st,z,d and Qf, e,a denotes under initial turbulence intensity e at locations d, the
surrogate model’s prediction and state variables j of the simulator’s, respectively; E as
the initial turbulence intensity set; D as the downstream turbine locations set; N, as the

number of simulation datasets; and N,, as number of vectors multiplied by the number of

d.
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If MAPE, 4;/sim €Quals or exceeds the tolerable ratio, additional training data is

required. Conversely, if MAPE,. ¢ /sim falls below the tolerable ratio, an optimization

algorithm is employed to minimize the predicted error, error between the surrogate model

vectors and physical experiment vectors using MAPE as described in (3.6).

[ Design the experiment by varying adjustable parameters ]

.

[ Generate sample data using simulator J<—

.

{ Develop the surrogate model }

Fitting Error <
the acceptable
percentage

[ Minimize Predicted Error ]

Add optimal value
of the adjustable
parameters to the
sample data

Verify surrogate model
Fitting Error < the
acceptable percentage

[ Calculate Final Error ]

Fig. 3.3. The framework (adapted from Olson et al., 2021).

MAPE,

£35S

je{U,I}; Ve € E; vd € D.

rgt/exp =

QF, - QST
jed , jed . 100%’

j.ed
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where under initial turbulence intensity e at locations d, Q f e,a denotes the state variables
j of the physical experiment.

Upon finding the optimal value, we verify that the fitting error remains below the
tolerable ratio. If not, the optimal value and its vectors are incorporated into the training
data and the surrogate model is retrained. The iterative strategy continues until
MAPEg, 4¢/sim 1S less than the tolerable ratio. Finally, the final error is computed, error

between the calibrated simulator yield vectors and physical experiment data, using MAPE

as defined in (3.7).

MAPEsim/exp =

£35S

je{U,I}; Ve € E; Vd € D.

QP _QS
Jed_ <Iedl. 100%, 3.7)

j.ed

3.3 Development of surrogate model

Artificial Neural Network (ANN), extensively employed for tasks like approximation or
fitting, demonstrates characteristics such as self-learning, rapid training speed,
adaptability, and resilience (Abdullah et al., 2022; Liu et al., 2018; Ding et al., 2011). The
ANN imitates the functioning of the human brain through computer models comprising
interconnected nerve cells treating information of the model (Papadopoulos et al., 2018).
The ANN realizes input data delivered to the system to produce a yield. In the context of
this research, input comprises vectors from the simulant, with several adjusts of parameter
values serving as sample data, and yield consists of prediction vectors for ceertain sets of

parameters.
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During the phase of training, ANN initially appoints random weights for individual
input value. Backward propagation, employed as the learning rule in this study, iteratively
adjusts the error between sample data and prediction vectors obtained by ANN. Partial
differentiation, as outlined in (3.8), is performed during backward propagation, with the

fitting error (3.5) serving as the loss function.

oL 9L dg dh

ow  agohow (3.8)

where g is the activation function, h is the weighted sum function, and L is the loss
function, and w is the weight. The rectified linear unit (ReLu) is utilized as the activation
function, as depicted in (3.9). We update the weight w using (3.10), where w,,,,, denotes
the recent weight, w,;4 represents the prior weight, and a denotes the discovering
degree. The phase of training concludes upon training entire sample data and finishing an
period or epoch. We employ K-fold cross-validation is employed for constructing the

model.

_(Ofory<0

g = {y fory > 0° (3.9)
oL

Whnew = Woia — a%- (3.10)

3.4 Optimization methods

The PSO algorithm and GA are utilized in this study to minimalize the MAPE¢, ;¢ /exp.

aiming to align the surrogate model vectors similar to the physical experiments.

46
doi:10.6342/NTU202403713



3.4.1 PSO algorithm

The PSO algorithm is motivated by the collective manner of swarm, introduced by
Kennedy and Eberhart (1995). In the PSO algorithm, particles or swarms are considered
by their velocity, position, and the objective function value of their position. The
simplicity and adaptability of the PSO algorithm make it well-suited for addressing
complex optimization difficulties (Wang et al., 2021), with efficacy of PSO is confirmed

by Sedighizadeh et al. (2021).

In the context of this research, a set of changeable parameters is represented by each
particle. The positions of particle i in period ¢t and t — 1 are denoted as x! and x/ %,
respectively. The speeds of particle i in period t and t — 1 are denoted as vf and v}~ 1,
respectively. The best solution obtained by particle i and the best solution obtained among
all particles are denoted as l; and g. MAPE ;¢ /exp @S (3.6) is minimized by the PSO
algorithm. If the stopping condition is satisfied, the PSO algorithm terminates, yielding
the minimized MAPE ¢ exp- Otherwise, particle speeds v} and positions x! are updated
using (3.11) and (3.12), and the evaluation process repeats. In (3.11) and (3.12), c¢; and

c, represent positive constants known as the learning factors, while r; and r, denote

random numbers ranging from 0 to 1. Figure 3.4 illustrates the steps of the PSO algorithm.

vi = Uit_l + e — xit_l) + cmo(g — xit_l)' (3.11)
xit = xit_l + vit, (3.12)
a7
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34.2 GA

The genetic algorithm (GA), introduced by Holland in 1992, is an evolutionary
metaheuristic inspired by natural genetic processes and has proven effective in optimizing
natural systems (Gentils et al., 2017). Known for its speed and efficiency in handling
computationally intensive problems (Hamdia et al., 2021), the GA has been widely used
for solving numerical problems and making predictions (Zuo et al., 2019; Potap, 2020).
During optimization, the GA uses selection, crossover, and mutation mechanisms among

chromosomes, each representing a feasible solution, to identify the optimal solution.

Initialize PSO population and parameters

.

» Evaluate each particle by minimizing MAPE

rgt/exp

Meet

stopping
criterion?

Yes Obtain the best setting
of ﬁp, Ba Ces, and Cys

Update [; and g

|

Update v} and x}

Fig. 3.4. The steps of the PSO algorithm.

In this study, we begin by generating chromosomes encoded as binary code and
initializing the GA parameters. Each chromosome, composed of genes with a length of n,
represents a feasible solution for the adjustable parameters. These chromosomes are
substituted into g(y) as shown in (3.9) within the surrogate model to generate prediction
vectors. The GA then evaluates chromosomes using the predicted error (3.6). If the

stopping criterion is met, the GA stops and retrieves the best solution for the adjustable
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parameters. Otherwise, it continues with selection, choosing chromosomes for
reproduction, followed by crossover and mutation to increase chromosome diversity and
prevent premature convergence. Crossover and mutation are conducted based on
predetermined crossover and mutation rates. A one-point crossover operator is used for
crossover, selecting a point in the two chosen chromosomes and exchanging the genes to
the right of that point between them. Mutation uses a bit-flip mutation operator, flipping
one gene in each of the selected chromosomes to another chromosome. After selection,
crossover, and mutation, each chromosome is reassessed. Figure 3.5 illustrates the steps

of the GA.

Initialize GA population and parameters

.

Evaluate the chromosomes by minimizing MAPEg,g¢jexp

\ 4

Meet

stopping
criterion?

Yes Obtain the best setting
of Bpr Bd' C£4' and C£5

Perform selection

|

Perform crossover and mutation

Fig. 3.5. The steps of the GA.
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3.5 Results and discussion

ANN-PSO is used to denote when the results are from ANN paired with PSO and ANN-
GA when the results are from ANN is paired with GA. For sampling the training data,
By, Ba, Cea, and C,s are set to have lower points at 0.1, 0.1, 0.1, and 0.1, respectively,
while having upper points at 1, 4, 1, and 4, respectively. All parameters are divided into
three points: lower point, upper point, and midpoint. The validation data has two levels,
the average of first and second level, and the average of second and third level. This
experiment yields 81 training data points and 16 validation data points. The parameters
values are presented in Table 3.1. The sample data is generated by running the

OpenFOAM at the Sandia National Lab.

Table 3.1. Settings of the adjustable parameters

Levels By Ba Cea Ces

For the training data
Level 1 0.100  0.100 0.100  0.100
Level 2 0.550  2.050 0.550 2.050
Level 3 1.000  4.000 1.000  4.000

For the validation data
Level 1 0.325 1.075 0.325 1.075
Level 2 0.775 3.025 0.775 3.025

To construct ANN, a fivefold cross-validation process is adopted. We set the
crossover rate at 0.7, the number of chromosomes at 100, the binary code length at 10 for
the GA parameters, and the mutation rate at 0.2. We set the number of particles at 50, and
c; = ¢, = 1 for the PSO parameters. Both the PSO and the GA are set to run for 1000

iterations. We define the tolerable ratio in MAPE, ¢ /sim as 10%.
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Using the training data, we develop the ANN-PSO and calculate the initial
MAPE, 4¢/sim t0 evaluate the surrogate model, finding it to be below 10%. We then
determine the optimal values of the tolerable ratio to minimize the predicted error. As
discussed in subchapter 3.2, we recalculated MAPE,g¢/sim at the optimal values to verify
the surrogate model's performance. However, the second MAPE;. 4 /sim €xceeded 10%.
Therefore, we augmented the training data by including the optimal values and their
corresponding simulation outcomes. This time, the second MAPEs, 4;/sim Was below

10%.

The ANN-PSO uses a total of 83 training data points (81 + 2). The initial and
subsequent MAPE(, 4. sim are 1.46% and 4.34%, respectively, indicating that the average
error between the surrogate model predictions and the 16 validation data points is 1.46%.
The error between the surrogate model prediction and the simulation outcome at the
optimal setting is 4.34%, highlighting the surrogate model's effectiveness. The predicted
error minimized by PSO is 13.81%. The optimal values of parameters 8, f4, Ce4, and
C. obtained by PSO are 0.91, 0.10, 1.00, and 1.03, respectively. Applying these values

to the simulator, the final error compared to the physical experiment is 14.21%.

Following a similar procedure with the GA optimization algorithm, the ANN-GA
requires only one update of training data, resulting in 82 training data points (81 + 1). The
initial and subsequent fitting errors for ANN-GA are 1.10% and 5.50%, respectively. The
minimized predicted error by GA is 15.70%, and the final error is 13.21%. The optimal

values of parameters S, f4, Ce4, and C,5 oObtained by GA are 0.98, 0.20, 0.73, and 0.87,

respectively. Table 3.2 summarizes the results for both ANN-PSO and ANN-GA.
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Table 3.2. Results by ANN-PSO and ANN-GA

Surrogate ~ Number of 1* Fitting 2" Fitting Predicted Final
model training data Error Error Error Error

ANN-PSO 83 1.46% 4.34% 13.81% 14.21%

ANN-GA 82 1.10% 5.50% 15.70% 13.21%

Figure 3.6 illustrates the vectors of physical experiment alongside the yields of the
reference vegetative canopy and the calibrated simulation results of both ANN-PSO and
ANN-GA. In Figure 3.6, “Experiment,” “Baseline,” “Simulation ANN-PSO,” and
“Simulation ANN-GA” correspond to the vectors of physical experiment, results of the
reference model, and calibrated simulation results by ANN-PSO and ANN-GA,

respectively.

We observe that our results, the calibrated values of tolerable ratio, outperforms the
reference model (uncalibrated vegetative canopy). We decrease up to 13,21% obtained
by ANN-GA. Figure 3.6 demonstrates that the simulation results of both ANN-GA and

ANN-PSO closely equal to the physical experiment compared to the reference model.

Further analysis of Figure 3.6 reveals that the results from calibration perform better
as the turbulence intensity is 15% rather than 3%. MAPE;y jexp OF 1159, and Uy s, are
6.34% and 9.49% for ANN-PSO, respectively. They are lower than MAPE;, jexp Of I3,
and Uz, i.e. 28.61% and 12.37%, respectively. Similarly, MAPE;n, jexp Of I154, and
Ujso, are 4.74% and 9.31% for ANN-GA, respectively, compared to the final errors of

130, and Uso,, Which are 27.08% and 11.72%, respectively.

In usual environments, a turbulence intensity of about 15% is expected. This value
is notably higher than the unusually low value of 3%. Therefore, the adjusted simulator
is anticipated to be beneficial for ecosystems with turbulence intensities of about 15%. A
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comparison of Figures 3.61 and 3.6(d) with 3.6(a) and 3.6(b) also suggests the need for

additional calibration.

We suggest additional calibration is based on the remarks as follows. The pattern

of physical observation displays performances that cannot be adequately captured by a

second-order function. For instance, in Fig. 3.6(b), the red dot representing the physical

experiment demonstrates a diminishing pattern up to d = 3, followed by an improving

pattern until d =5, and then another diminishing pattern.
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Such complex behavior necessitates at least a third-order function for accurate
description. Conversely, regardless of the calibration method applied, all simulation
outputs from the simulator exhibit second-order functional patterns due to the
simplification of detailed physical phenomena and inherent second-order character of the
vegetative canopy system. Fig. 3.6(b) illustrates that a notable discrepancy exists between
the vectors of physical observation and the simulation outputs from both ANN-GA and
ANN-PSO for d = 4, 5, 6, with MAPEs of 27.08% and 28.61%, respectively. Similarly,
in Fig. 3.6(a), the MAPEs of ANN-GA and ANN-PSO are 11.72% and 12.37%,

respectively.

Further, this research employs a technique as same as that outlined in subchapter
3.5, with the only modification being the exclusion of errors associated with d =4, 5, and
6 from calculating the value objective functions. The total number of training data points
for ANN-PSO is 82. The initial and subsequent MAPE,.4¢ /i Obtained are 1.22% and
3.50%, respectively. MAPE, gt jexp 1S 12.99%, and MAPE g, jexp 1S 12.53%. The values
of parameters 3, B4, Ce4, and C,s gained by PSO are, respectively, 1.00, 0.10, 1.00, and

0.80.

The total number of training data points for ANN-GA is 83. The initial and
subsequent MAPE(,. 4. sim Obtained are 1.45% and 2.78%, respectively. MAPE . g¢ jexp 1S
11.81%, and MAPEg jexp is 12.04%. The values of parameters B, B4, Ces, and Ces
gained by GA are, respectively, 0.97, 0.15, 0.96, and 0.94. The results are summarized in

Table 3.3.
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Table 3.3. Errors found by ANN-PSO and ANN-GA when excluding d = 4,5, and 6

Surrogate ~ Number of 1* Fitting 2" Fitting Predicted  Final
model training data Error Error Error Error

ANN-PSO 82 1.22% 3.50% 12.99%  12.53%

ANN-GA 83 1.45% 2.78% 11.81%  12.04%

Figure 3.7 illustrates the vectors of physical experiment, results of the reference
canopy model, and calibrated simulation results of ANN-GA and ANN-PSO by excluding
d =4, 5, and 6. Fig. 3.7(b) depicts the MAPEs of ANN-GA and ANN-PSO decreasing
from, respectively, 27.08% and 28.61% to 19.54% and 20.54%. Comparably, Fig. 7(a)
shows the MAPEs of ANN-GA and ANN-PSO decreasing from, respectively, 11.72%

and 12.37% to 9.65% and 9.51%.

We improve MAPE(;, jexp from 13.21% to 12.04% for ANN-GA and from 14.21%

to 12.53% for ANN-PSO by excluding d = 4, 5, and 6. The common of the enhancement
stems from the enhanced result for I3y, i.6., MAPE;y, joxp TOr I3, reduces from 27.08%
to 19.54% for ANN-GA and from 28.61% to 20.54% for ANN-PSO. Though
hypothetically, there is no guarantee that excluding locations where the simulator has
known shortcomings will result in better performance, excluding them in the objective

function to minimize MAPE; enables further improvement in the Final Error.

rgt/exp
In comparison to Olson et al. (2021), the result of this research gained by ANN-GA
decreases MAPEjy, jexp from 14.50% to 12.04%, indicating a 16.97% upgrade. Figure

3.8 illustrates the vectors of physical experiment, vectors of the simulation of ANN-GA
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excluding d = 4, 5, and 6, and those of GPR. Figure 3.8 demonstrates the superior fit of

the vectors of simulation gained by ANN-GA to the vectors of physical experiment.
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Fig. 3.7. Simulation outputs when excluding d = 4,5, 6 for initial I = 3%.
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3.6 Evaluating the quality of sample data

Recognizing the significance of assessing sample data quality prior to constructing the
surrogate model, we employ a visual tool rooted in descriptive statistics for a swift
evaluation of the sample data quality. Initially, we plot the vectors of physical experiment
at each site denoted by blue dots with blue lines in Fig. 3.9, followed by the generation

of boxplots based on the sample data at each location.
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Fig. 3.8. ANN-GA and GPR performance
In Fig. 3.9(a), it is evident that the majority of the sample data in Uz, significantly
deviates from the physical experiment vector. Conversely, Fig. 3.9(b) illustrates that the
majority of the sample data in I3, closely aligns with the physical experiment vector,

indicating superior sample data quality for I3, compared to Uso,. When comparing Fig.
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3.9(a) and 3.9(c) to 3.9(b) and 3.9(d), it becomes apparent that the overall quality of

training data is poorer for velocity U than for turbulence intensity 1.

The representation in Fig. 3.9 underscores that the equal distance design utilized for
generating sample data inaccurately captures the behaviors of the physical experiment
vectors. Enhancing the quality of sample data warrants further investigation in upcoming

studies.

3%

04+ +
0.3}
0.2¢f

0.1+

12 2 3 4 5

46 7 8 9 10 12 2 3 4 5,6 7 8 9 10
(a) (b)
- Ussu l15%
osf T 2 = = ]
ot TTTTIIT]
L | + + + |
0.75 ; _f i + + 03+
07t - " T +
" ¥ 0.25
0.65 - A Ll
4 ;
S 06 4
+ < ;
pasl : 0.15 :
05| 0 b o o A
+ Bow g
0.45 - 0.05 4
+ ™ ¥
04—

(d)

Fig. 3.9. Physical experiment vectors and sample data.
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3.7 Summaries

This research employs an approach based on surrogate model to construct a simplified
version of the behaviour of simulator, utilizing ANN to replicate its functions. Our study
contributes significantly to two key aspects: firstly, we introduce a methodology
integrating advanced optimization techniques such as GA and PSO with ANN to optimize
changeable parameters in intensive systems. The ANN-PSO and ANN-GA performances
are assessed using the disparity between outputs of physical experiment and results of
calibrated simulator. ANN-GA and ANN-PSO achieve final errors of, respectively,
13.21% and 14.21%.

Secondly, we recognise and tackle an identified limitation of the simulator: its
reliance on second-order functional shapes, which are insufficient for accurately
modelling the behaviour observed in physical experiments, necessitating at least a third-
order function. To relieve this issue, we selectively eliminate subgroups of simulation
settings during parameter calibration. This refinement results in reduced final errors of
12.53% and 12.04%, respectively, for ANN-PSO and ANN-GA. Our methodology
signifies enhancement over GPR used by previous study, yielding a remarkable 16.97%
reduction in final error compared to their work.

The approach outlined in this research offers a fresh standpoint on parameter
calibration for computationally intensive models, emphasizing the importance of
addressing disparities between simulators and physical experiments. The calibrated
simulator demonstrates usefulness in most natural environments with turbulence intensity
around 15%. However, we note that the quality of sample data poses limitations to further
improvement. To aid researchers and engineers in assessing data quality quickly, we

develop a visual tool.

59
doi:10.6342/NTU202403713



We design an experiment employing a simple equalOdistance design to generate
sample data. Despite improvements in final error through the surrogate model-based
framework, our visual tool reveals inferior sample data quality for velocity compared to
turbulence intensity in relation to the physical experiment's vectors. We suggest exploring
more sophisticated experimental designs to generate sample data, which could lead to

further enhancements in final error.
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Chapter 4 An optimization model for marine current turbines

layout problem against parameters ambiguity®

To improve the design and layout of marine farms, we introduce a non-parametric,
scenario-based robust Bi-level Optimization model to address the ambiguity of
environmental parameters in the Marine Current Turbine Installation problem. In this
model, the upper level determines the number and locations of Marine Current Turbines
(MCTs), while the lower level decides how to connect the installed MCTs. Initially, we
solve all scenarios using a novel Greedy Heuristics Algorithm (GHA), which minimizes
the cost per watt by accounting for wake effects and connection costs. The GHA
outperforms both complete search and random search algorithms. Using the solutions
obtained by the GHA, we then apply the min-max relative regret decision rule to identify
a robust solution. A test case in Cook Inlet, Alaska, demonstrates that the robust solution

performs well across all scenarios considered in our model.

4.1 Problem background

Covering two-thirds of the Earth's surface, marine environments have significant
potential as a source of renewable energy (Ren et al., 2018). Recent projects like the
MeyGen project in the United Kingdom, the Nova Scotia project in Canada, and the Raz

Blanchard (Alderney) project in France highlight the increasing interest in marine energy

3This chapter is rewritten based on an article authored by this thesis writer titled “An Optimization Model
for Marine Current Turbines Installation Problem against Parameters Ambiguity"” which is submitted to
Engineering Optimization (Nurdiansyah et al., 2024).
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generation. Marine current converters are noted for their minimal impact on the
underwater environment (Bahaj et al., 2011).

The power generation capacity of a marine farm is highly sensitive to the number
and layout of its Marine Current Turbines (MCTSs) due to wake effects, which involve the
reduction of current velocity downstream of MCTs (Brutto et al., 2016). This reduction
directly impacts power generation. Rao et al. (2016) suggest that an efficient setup can be
achieved by arranging multiple MCTs in a single alignment. Additionally, Pinon et al.
(2017) demonstrate that both turbulence intensity and the layout of MCTs significantly
influence power generation.

However, previous studies have used fixed parameter values in their models,
ignoring the dynamic nature of the marine environment, a crucial consideration in Marine
Farm Design (MFD). Ambiguity, a form of uncertainty alongside randomness (Dang and
Hong, 2013), means that parameter values are rarely constant in such environments.
Therefore, these parameters are typically ambiguous.

Studies addressing ambiguity in the marine environment include Forbush et al.
(2016), who use stochastic optimization technigques to handle the uncertainty associated
with current velocity. Jonsdéttir and Milano (2019) employ stochastic differential
equations to model short-term fluctuations in current velocity and turbulence intensity. In
designing marine farms, Dai et al. (2017) and Ren et al. (2018) cluster daily current
velocity data and subsequently calculate the probability associated with each cluster. The
stochastic or probabilistic approach assumes that the probability distribution of
ambiguous parameters is either known or can be estimated. However, as Hu et al. (2014)
note, the necessary data may not always be available to accurately estimate these

probability distributions.
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To address ambiguity, Gorissen et al. (2015) suggest that scenario-based robust
optimization outperforms stochastic optimization while maintaining formulation
tractability. Moreover, a non-parametric scenario-based robust optimization model
eliminates the need to estimate the probability distribution of ambiguous parameters,
which are included in the ambiguity set. In this study, we adopt a non-parametric
scenario-based robust optimization approach to handle ambiguous parameters
encountered in MFD. We propose a Bi-level Optimization model for the Marine Current
Turbine Installation Problem (BO-MCTIP), which determines the number and location
of MCTs in the upper-level model and establishes connections between them in the lower-
level model. Our objective is to provide a robust decision that performs well across all
scenarios with parameter ambiguity. Table 4.1 below provides details of the MFD

methodologies.

Table 4.1. MFD methodologies

Connection
Reference Model Parameters Method
system
Brutto et al. (2016)  Single-level No Fixed Deterministic
Rao et al. (2016) Single-level No Fixed Deterministic
Pinon et al. (2017) Single-level No Fixed Deterministic
Forbush et al. (2016)  Single-level No Ambiguous Stochastic
Jonsdottir and Milano .
Single-level No Ambiguous Stochastic
(2019)
Dai et al. (2017) Bi-level Yes Ambiguous Probabilistic
Ren et al. (2018) Bi-level Yes Ambiguous Probabilistic
. . Scenario-Based
Our study Bi-level Yes Ambiguous o
Robust optimization
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We explore all possible scenarios in the BO-MCTIP model using a novel Greedy
Heuristic Algorithm (GHA) that incorporates Kruskal’s algorithm (Kruskal, 1956) to
solve the Minimum Spanning Tree (MST) problem. The GHA aims to minimize the cost
per watt by considering wake effects and Submarine Power Cable (SPC) costs. We assess
the effectiveness and efficiency of the GHA through experiments conducted in a marine
farm with grid sizes ranging from 2x2 to 10x10 cells. The results show that the GHA
outperforms both complete search and random search algorithms within a 24-hour
computational time limit. At the design stage, where numerous what-if analyses are
needed, an algorithm that can provide a good solution quickly is highly desirable.

Using the solutions obtained from the BO-MCTIP model, we apply a robust
optimization model to find a robust solution using the min-max relative regret decision
rule. We demonstrate the effectiveness of this robust optimization process with a case
study in Cook Inlet, Alaska (US), showing that our robust solution performs well across
all examined scenarios. To our knowledge, this is the first study to address ambiguous
parameters in marine farms using non-parametric scenario-based robust optimization,
while also considering wake effects and SPC connection costs in the BO-MCTIP model.

This paper is motivated by two main factors: first, the inadequacy of current models
that use fixed parameters for marine farm design, which leads to suboptimal outcomes
due to the dynamic and uncertain nature of the marine environment; and second, the need
for resilient solutions capable of handling diverse environmental conditions, especially
during the critical design phase that requires extensive what-if analyses. Additionally,
there is a strong impetus to reduce the cost per watt generated by marine farms,
considering both turbine placement and cable connection expenses.

In response to these challenges, this paper introduces two key innovations. First,

we propose a non-parametric scenario-based robust BO-MCTIP model that addresses the
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inherent ambiguity of environmental parameters in marine settings, unlike previous
approaches that rely on fixed parameter values. Second, we develop a Greedy Heuristic
Algorithm (GHA) designed to efficiently identify robust solutions for the BO-MCTIP
model. These solutions perform well across various environmental scenarios while
minimizing the cost per watt, accounting for turbine placement and cable connection
costs.

The rest of this chapter is structured as follows: Subchapter 4.2 describes the
formulation of the BO-MCTIP model. Subchapter 4.3 outlines the robust optimization
problem. In Subchapter 4.4, we propose the solution approach to the model and the robust
optimization problem. Subchapter 5 presents the case study and its results. Finally,

Subchapter 6 concludes and offers suggestions.

4.2 BO-MCTIP model

Figure 4.1 depicts our proposed BO-MCTIP model. The upper-level model is dedicated
to the installation decision, optimizing the number and placement of MCTs while
considering wake effects. The lower-level model handles the SPC connection decision,
aiming to reduce the connection costs of the installed MCTs.

We define I as the set of MCTs to be installed in the marine farm and outline the

parameters and decision variables as follows.

Parameters

Npax Maximum number of installed MCTs in the marine farm
dmin Minimum distance between two MCTs

DE Minimum power requirement generated by the marine farm
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Marine water density

An MCT power coefficient

An MCT blade length

Area swept by an MCT blade (7r?)
Inflow current velocity

An MCT’s thrust coefficient
Turbulence intensity

MCT i’s location in the x-axis

MCT i's location in the y-axis

level Installation Decision

Number and Location
of the MCTs (I™)

........................................

v

Lower- . . .
Connection Decision

level

model] : ¢

SPC connection cost of
the MCTs (C,)

Wake effects

Fig. 4.1. Proposed BO-MCTIP model
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dxp; Distance between MCT h and i in the x-axis

dYni Distance between MCT h and i in the y-axis

dp; Distance between MCT h and i

C, An MCT’s cost.

Com An MCT’s cost of operation and maintenance
P, SPC cost per meter

Decision variables

t; 0-1 variable that is equal to 1 if MCT i is installed at location (x;, y;),
0 otherwise.
i 0-1 variable that is equal to 1 if MCT h and i are connected, 0 otherwise.

We start by dividing the planning area for MCT installation into /xK cells, each with
a fixed size and uniform characteristics, where J and K are the total number of cells along
the x- and y-axis, respectively. Each cell represents a potential location for an MCT, with
(x;, y;) indicating the coordinates of MCT i within the marine farm. An MCT is placed
in the center of each cell. Following Brutto et al. (2016), we assume that the marine
current flows from the left, and we install the MCTs perpendicular to the flow direction

to ensure they face a consistent flow.

4.2.1 The Analytical wake effects model
In our model, we incorporate wake effects to study the interactions between MCTs and
their impact on downstream flow velocity. We employ the analytical wake effects model

proposed by Brutto et al. (2016) for this analysis. According to Dai et al. (2017), this

67
doi:10.6342/NTU202403713



model provides greater accuracy compared to Jensen’s model (Jensen, 1983), which often

underestimates wake effects in scenarios with multiple MCTs.

Brutto et al. (2016) define a wake as the area behind an MCT where current velocity
is reduced. For example, in the top right of Figure 4.2, downstream MCT 4 is within the
wake generated by upstream MCT 1. As a result, the current velocity flowing past
downstream MCT 4, denoted as v, ,, decreases because upstream MCT 1 extracts energy

from the incoming current flow, v,.

MCT 1. MCT4...- N
_______ . N - Wake of MCT 1
MCT1 _.---~  MCT4 _J--=-7  MCT7 _.-| T B
e - PP Vig
_______ »> * .
_______ g 8 8 '8d.- T
. N T S ~-.__  WakeofMCT1
——————— > e T T e /
vp MCT2 .-=""" MCTSoaen™”  MCTB.-]  +— Pe—>
Current direction
_______ . T
_______ > dyaq ‘_”‘\"‘: :'-‘f’ o -:"—"’ o o = =
. l MCT3.--=""  MCTB=-cz”  MCT9s-zz’
_______ b’ 8 8 8
------- > R el el

Fig. 4.2. Wake effects and MCTs

We denote the current velocity flow on downstream MCT i, caused by the wake

effect of upstream MCT h, as vy;, as

1-J1-C;
. = —_ [ 4.1
Vhi <1 EWE >v0, h #1i, (4.1)

where ay; is the wake expansion of upstream MCT h on downstream MCT i. We
evaluate the wake expansion as
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T
Oni = 5= (—15.5421 + 213611, +0.2184)

(4.2)

dxpil
2

. [5.58 (1 - e—"-OSl| T ) + 1.2], h#1i,

which exponentially increases with the distance along the x -axis between upstream MCT
h and downstream MCT i. This expansion is significantly influenced by turbulence
intensity (Brutto et al., 2016). Figure 4.2 also shows the interactions between multiple
MCTs: MCT 7 is within the wakes of MCTs 1, 2, and 4; MCT 8 is within the wakes of

MCTs 1, 2, 3, and 5; and MCT 4 is only within the wake of MCT 1.

Next, we represent the current velocity of MCT i, denoted as v;, under the influence

of multiple wake effects, as

_ Op; Vni)* . .
vi=|1- tir—\(1——| |vo, forheW(i),h#i, (4.3)

Where W (i) represents the set of MCTs whose wakes impact MCT i, and vp; Is
calculated as shown in equation (4.1). Brutto et al. (2016) assume that the total reduction
in current velocity due to multiple wake effects is equal to the sum of the individual

velocity reductions.

We further represent the elements of W (i) as
W(l) = {h dxhi < 0, Idyhll -r< O—hilh * l} (44)

and calculate the overlapping area of the wake generated by upstream MCT h on

downstream MCT i, denoted as 0;,;, as
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sin(26y;) sin(2fy)
— O <9hi - —m> +r? (ﬁhi S sl 3 Op — 1 < |dypil < op+r

2 2
Oni =7 Ar; |dyni| < op; —7,h # L. (4.5)
-0 ldyni| = op; + 1,
where
_ _q1 (opi+ldyp|2-1? .
O = cos (—2| o ) h # i, (4.6)
and
_ _1 (opi—ldyp>-1? . (4.7)
Bni = cos ( 2|dyplr )' h# i

Figure 4.3 illustrates three potential conditions showing the affected areas of the
wakes generated by upstream MCTs on the downstream MCT, as described in (4.5). The
large circles represent the wake generated by upstream MCT h, while the small circles
indicate the area swept by downstream MCT i. In Figures 4.3(a) and 4.3(b), the gray color
indicates overlapping areas where the wake of MCT h partially and fully overlaps MCT

i, respectively. Conversely, Figure 4.3(c) depicts no overlapping.

Area swept
B 5 by MCT 1
T

Wake from MCT h

(@) Op; — 7 < |dyp| < 0p + 7 (D) |dynil < on =7 (©) Ayl = on; +7

Fig. 4.3. Three potential conditions of the affected areas of the upstream MCT wakes on

the downstream MCT (adapted from Mittal et al., 2016)

70
doi:10.6342/NTU202403713



4.2.2 The Mathematical model for BO-MCTIP

The bi-level optimization framework, introduced by Bracken and McGill (1973), has
been applied in numerous fields, including chemical reaction optimization (Abbassi et al.,
2022), energy-traffic systems (Wang et al., 2017), and investment (Tsiodra and
Chronopoulos, 2021). Following Nurdiansyah et al. (2024), we present the mathematical
formulation of the upper- and lower-level models for our proposed BO-MCTIP model

below.
Upper-level model

We propose a mixed-integer non-linear programming (MINLP) model to determine the

installation decision. The objective function, defined in (4.9), seeks to minimize the cost

per watt.
_TC
min P_f; (49)
where
TC =M, + C,, (4.10)
M. = (G + ge‘°-°0174"v2) Cq + Com) N, (4.11)
Pf = Z t; - P;,and (4.12)
i€l
1 3 ]

2

The total cost (TC), as calculated in (4.10), includes of two main components: the
cost of installing the MCTs (M,) and the cost of the SPC connection (C.) linking all
installed MCTs, determined in the lower-level model. Notably, C, is influenced by the

distances between MCTs, indicating interaction between the upper- and lower-level
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models. The installation costs (M,) encompass two elements, C, and C,,,. We calculate
M, using (4.11), where (§+§e‘°-°°174'N2)N represents the scaling cost if a large

number of MCTs are installed (N denotes the number of installed MCTSs), as proposed by
Mosetti et al. (1994). The total power generated by all installed MCTs within the marine
farm, denoted as P, is obtained by summing the power generation of each individual
MCT, as determined by (4.12). The power generation of individual MCT i, represented
as P;, is computed in (4.13) and is dependent on the velocity (v;) calculated in (4.3). The

constraints are as follows.

Jni® + dyni® 2 dipin,  VhIELREL (4.14)
§:i=N (4.15)

i€l
Z t; < Nmax- (4.16)
i€l

P; = DE. (4.17)

Constraint (4.14) stipulates that MCTs must maintain a minimum clearance
distance, denoted as d,,,;,,, from each other. Constraint (4.15) defines N. Constraint (4.16)
limits the number of installed MCTs, ensuring it does not exceed N,,,,. Lastly, Constraint
(4.17) ensures that the marine farm's power generation meets the minimum power

requirement, denoted as DE. We define the nonnegative and binary variables as follows.

t,€{01}, Vi€l (4.18)

N > 0. (4.19)

v, >0, Viel (4.20)
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P,>0, Viel. (4.21)

Pr > 0. (4.22)
M, = 0. (4.23)
TC > 0. (4.24)

Lower-level model

We use the lower-level model to determine the connections between installed MCTs,
treating it as a Minimum Spanning Tree (MST) problem. Let I* denote the set of installed
MCTs and Q represent the set of connections between any two installed MCTs, defined
as Q ={{h,i}:h,i € I" and h # i}. Additionally, d;; represents the distance between
two installed MCTs h and i within the marine farm. The set I* is obtained from the upper-
level model. The connections between MCTs are symmetric, meaning the distance
between any two MCTs is the same regardless of the connection direction. The lower-
level decision variable, l;,;, determines the connections between the locations of installed
MCTs specified in the upper-level model. We mathematically model the connection costs

in the marine farm as follows.

C. = min P, Z lhidhi*r (4.25)
h,iel*,h+i
subject to
Ly =N*—1, (4.26)
h,iel*, h#i

L <|S|—1, VS CI*where|S|>1, (4.27)

h,ieéf(S), h=i
l,i €{0,1}, Vhi€l* h=+Ii. (4.28)
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C.>0. (4.29)

The objective function aims to minimize the cost of connecting all installed MCTs,
as defined in equation (4.25). Constraint (4.26) specifies that there are exactly N* — 1
connections, where N* represents the number of installed MCTs determined in the upper-
level decision. Constraint (4.27) is the cycle elimination constraint, ensuring no cycles by
limiting the number of connections in every subset S to at most |S| — 1. Here, S is a
subset of I*, and §(S) < Q represents the subset of connections linking installed MCTs
in S. Constraints (4.28) and (4.29) define the binary variable and non-negativity settings,

respectively.

Based on the above explanation, the two levels of the proposed bi-level
optimization marine current turbine installation problem (BO-MCTIP) are connected in
two ways. First, through decision variables: the upper-level model determines the number
of Marine Current Turbines (MCTSs) and their locations, defining I as the set of MCTs to
be installed in the marine farm. The decisions made in the upper-level model directly
determine the set of installed MCTs (and their locations), which become inputs (the set
I*) for the lower-level problem. The lower-level model then determines the optimal
connections between these installed MCTs. However, the distances of these connections
(part of the set Q) influence the SPC connection costs in the upper-level objective

function.

Second, through cost calculations: the upper-level model minimizes the cost per
watt, with one component of this cost (TC) being the SPC connection cost (C,.),
significantly influenced by the distances between MCTs. The lower-level model focuses
on minimizing the SPC connection cost (C.). The optimal connection cost determined
here directly impacts the value of the upper-level objective function.
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In summary, the upper-level model decides the number of MCTs and their
placements, providing inputs for the lower-level model. The lower-level model, in turn,
optimizes MCT connections, with the resulting distances feeding back into the upper-
level's cost calculation. This illustrates the bi-level structure, featuring a distinct

hierarchy, yet intertwined as the outcome of one directly influences the other.

4.3 Robust optimization model

Our proposed BO-MCTIP model assumes that all input parameters are constant.
However, in reality, parameters such as inflow current velocity (vg), turbulence intensity
(Ip), marine water density (p), and the power coefficient of the MCT (C,,) are ambiguous.
In mathematical optimization models, ambiguity in input parameters may result in
impractical optimal solutions (Ben-Tal & Nemirovski, 2000). Therefore, our goal is to
configure an effective MFD (installation and connection decisions) despite this
ambiguity.

To identify an MFD that performs well across each investigated scenario, we set

four ambiguous parameters (vq, Iy, p, and C,) to have scenario-specific values

representing these parameters in our BO-MCTIP. It is important to note that the variable
values t; and 1;,; may not be the most effective solution for every particular situation
outlined by the BO-MCTIP model.

To obtain a robust solution, we employ the min-max relative regret decision rule as
the robustness indicator, measuring the best worst-case percentage deviation from
optimality among the investigated scenarios. In decision-making, this rule establishes a
benchmarking orientation, guiding the decision-maker to consider the best possible

outcome under any investigated scenario and to determine a solution that performs closely
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to this benchmark for each scenario (Kouvelis and Yu, 2013). In other words, a robust
solution provides the minimum of the maximum percentage deviation among all
investigated scenarios.

We define Q as the set of all investigated feasible input parameter scenarios, 27,
represents the minimum cost per watt for scenario w € Q, and R,, represents the
corresponding cost per watt of an MFD for scenario w € Q. We then formulate the robust

optimization model as follows:

min y 4.30
(4.30)
subject to

:Rw_ZZJ

) Vw € Q, 431
= w (431)

Y =
one set of the proposed BO-MCTIP constraints for each scenario w € Q,
where y is the maximum relative regret of the cost per watt.

To implement the robust optimization model, we evaluate all investigated scenarios
in the BO-MCTIP and apply the proposed algorithm to solve it for each scenario w € Q,
yielding the solution Z;;. Next, we seek to find a robust solution that closely approximates
Z; under the min-max relative regret criterion. This process results in determining the

robust MFD associated with the robust solution.

4.4 Solution approach

As discussed in subchapter 4.2, we acknowledge that the distance between MCTs must
be sufficient to minimize wake effects on downstream MCTs while also recognizing that
increasing these distances raises the SPC cost. To balance these two performance

measures, we propose a novel Greedy Heuristic Algorithm (GHA) that minimizes the cost
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per watt by considering wake effects. This algorithm installs MCTs based on the greedy

rule and uses Kruskal’s algorithm to minimize the connection cost.

Our proposed GHA consists of a finite enumeration step and an installation step. In
the finite enumeration step, we investigate the potential x-axis columns to install the
MCTs by enumerating all possible combinations of the x-axis columns in an empty
marine farm and then select the columns with the minimum cost per watt based on (4.9).
In the installation step, we greedily install MCTs one by one at a y-axis row for each x-
axis column selected in the finite enumeration step. Each cell in our marine farm is
restricted to two possibilities, i.e., installing or not installing an MCT so that we have 2/
solution possibilities. Our proposed GHA saves computational effort by only enumerating
all possible combinations of the x-axis columns using the finite enumeration step,

resulting in only 2/ possibilities.

In the Initialization Step, the pseudocode, GHA, begins with an empty marine farm
that has JxK cells and initializes Z;, to be an infinite number. We initially set N,,,4,, = J -

K,N=1,j=1,k=1, and g = 1. In the Main Step, for each scenario w € Q in the
empty marine farm, the finite enumeration step investigates (f) , all possible

combinations of j columns of the x-axis in J, by positioning MCTs for all rows in the

selected j columns followed by applying Kruskal’s algorithm to connect the installed

TCy

MCTs. Then we select j columns with the minimum o
fw

among (f) combinations,
where TC,, and wa are the total cost and the total power generation, respectively, for

scenario w € Q. In the finite enumeration step, we find the optimal MFD among (f)

In the Installation Step, we utilize an empty marine farm at the beginning of the

GHA and install N MCTs. For the j columns selected in the finite enumeration step, we
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install an MCT at row y;,, where k starts from 1 to K. If N < N,,,4, then we calculate

Pr . If P < DE, we record the updated MFD and go back to the installation step with
w w

k + 1 and N + 1. We install an additional MCT at row y,, . We install an MCT row by

row from y; to yx while evaluating Py at the selected column. If Pr <DE after
installing an MCT for each row, then we record the updated MFD and go back to the

finite enumeration step with j + 1,k =1, and N + 1. We enumerate (jfrl) to find the
optimal MFD among (jil) and go to the installation step. Using the recorded MFD, we
update the MFD by first removing all installed MCTs at row y, obtained in (j) followed

by installing an MCT at row y, for each selected j + 1 columns obtained in (j-]kl) to

obtain the minimum objective function value. This leads us to propose Collorary 1. The
- - - ] ]

current step combines the MFD obtained in (1) and (j+1).

Corollary 1. Removing first all installed MCTs at row y, started from k = 1 to K in the

recorded MFD obtained in (j) before installing an additional MCT to the columns in the

x-axis selected in (jil) provides the minimum objective function value compared to

installing an additional MCT without removing the installed MCTs.

Proof. We obtain the optimal MFD in (j) and (j-{-l) since we enumerate all possible

combinations of the MFD in (j) and (jil) and select an MFD with the minimum wake

effect (the power generation increases if the wake effect is minimized) and SPC cost so

that the objective function value is optimal. Suppose that in the installation step, we install

MCTs for all rows at the column in the x-axis selected in (f) and record the MFD. To

update the recorded MFD after finding the optimal MFD in (jfrl), installing an additional
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MCT to the columns in the x-axis without removing the installed MCTs at y;, obtained
in (i) provides the greater objective function value than removing first the installed
MCTs at y, since the wake effect is not minimized in row y; when the installed MCTs

obtained in (i) are not removed. m

If Py = DE,we apply Kruskal’s algorithm. We obtain Z,, by calculating Ii&, and
f

w

compare itto 2. If 2, < Z,,, then Z,, updates Z, and we repeat to install an additional
MCT at row yy, for the same j columns selected in the finite enumeration step. We want
to minimize the SPC cost since installing an MCT at row y; followed by installing an
MCT at row y;.,, to the same selected column in the x-axis provides a lower cost than
installing an MCT at row y,, followed by installing an MCT at a row other than y;. ., (see
Corollary 2). If Z, < Z;, after MCTs are already installed at all rows, we record the MFD

and go back to the finite enumeration step with j + 1, k = 1,and N + 1.

Corollary 2. In the installation step, installing an additional MCT at an adjacent row of
the y-axis row to the same selected columns in the x-axis provides a lower cost compared

to installing an MCT at the row other than the adjacent row in the y-axis.

Proof. Suppose that we have installed an MCT at row y;. If an additional MCT is
installed at row y.,1, then the SPC cost is P, - dyy;, which provides a lower cost
compared to installing an additional MCT at row y,. 2, Yx+3, etc., where the SPC cost is

P.-2dy;, P, - 3dyy,, etc., respectively. ]

If Z, = Z,,, installing an additional adjacent MCT returns an inefficient MFD
compared to the best MFD obtained until the current step. To avoid the potential issue of
staying in the local minimum, the GHA continues to investigate the MFD by adding an

MCT at the y-axis row for each selected column in the x-axis. If k < K, i.e., MCTs are
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not yet installed at all rows, then we record the MFD and continue to install an MCT at a
y-axis row with k + 1 and N + 1. If k = K, i.e., MCTs are already installed at all rows,
we record the MFD and go back to the finite enumeration step with j + 1, k = 1, and
N + 1. The GHA finishes searching for the solution of a specific scenario w € Q if either
it collects K times of such inefficient MFDs or N > N,,,,,. The best solution for a specific
scenario w € Q is Z;, and the MFD for a specific scenario w € Q is obtained associated
with Z;,. The GHA terminates after examining all investigated realizable scenarios. To
summarize the GHA, the finite enumeration step is always applied to an empty marine

farm and neglects the previous results to ensure obtaining the optimal MFD between
combination G) forj =1,2,..., J and the installation step always installs MCTs one by

one starting from the first row to the adjacent row in the y-axis.

An example of a marine farm with 3x3 cells illustrates the steps of the GHA. Since
j starts from 1, we investigate (%) as shown in Fig. 4.4 and evaluate them by using (4.9),
where one dot denotes an MCT and the lines linking the dots are the SPC connections.
The objective function values of the MFD in Figs. 4.4(a), (b), and (c) are the same without
any wake effects. In Fig. 4.4(a) we assume the GHA selects x; column to install the MCT

as the computer program chooses the smallest index for the same objective function

evaluations.
X1 Xz X3 X1 Xz X3 X1 X2 X3
Y , Wi , » ,
¥z b ¥z + Y2 +
V3 ‘ V3 ‘ V3 ‘

(a) (b) (©)
Fig. 4.4. The finite enumeration step when the total number of selected columns in the

x-axisis1l(j=1)
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To illustrate the installation step, we use an empty marine farm (there is no recorded

MFD). We first install an MCT (N = 1) at (x4, y;) as shown in Fig. 4.5(a). Since N <

Nopnax, We then calculate wa. Since wa < DE and now N = 2, we continue to install an

additional MCT at (x4, y,) as shown in Fig. 4.5(b). Since wa is still less than DE, we

install another additional MCT at (x;, y3). We then apply Kruskal’s algorithm if wa >

DE as shown in Fig. 4.5(c) and obtain Z,,. We set the best objective function value Z;,

obtained as Z,, since Z, < Z,,.

ht
Yz

Xy Xz X3

X1 Xz X3

X1 X2 X3

[ N e Y ,
V2 | @ Y2 #
Y3 V3 ‘

(a)

(b)

()

Fig. 4.5. Installing an MCT at row y,, followed by y, ., from y; to y, at column x;
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GHA. The algorithm for solving scenario w € () in the proposed BO-MCTIP

Initialization Step:

Set the empty marine farm with JxK cells.

Let Z;, be an infinite number.

SetNpouxr =J-K,N=1,j=1,k=1,andg = 1.
Go to Main Step.

Main Step:

Start.

For each scenario w € ), do
Input parameters for scenario w € Q.
Finite enumeration step

In an empty marine farm, enumerate (j) by positioning MCTs for all rows in the j columns.
Apply Kruskal’s algorithm to connect the MCTs.
Calculate ;ﬁ. Select j columns with the minimum ;& among (f) combinations.

fo

w

Installation step
Use the recorded MFD. Use an empty marine farm if there is no recorded MFD.
Install N MCTs. Remove all installed MCTs at row yy,.
Update the recorded MFD by installing an MCT at row y,, for each j columns selected in
the finite enumeration step.
If N < Ny 4y, then calculate wa.

IfPf < DE, then
w

If k < K, then record the MFD. Go to the installation step with k + 1and N + 1.
Else Record the MFD. Go to the finite enumeration step with j + 1, k = 1,and N + 1.
End if

Else Apply Kruskal’s algorithm. Calculate ;& as Z,,.

Ifz, < Z;,thenZ;, =Z,.
If k < K, then record the MFD. Go to the installation step with k + 1and N + 1.
Else Record the MFD. Go to the finite enumeration step with j + 1,k = 1,and N +
1.
End if
Else
If g < K, then
If k < K, then record the MFD. Go to the installation step withk +1,g + 1,
and N + 1.
Else Record the MFD. Go to the finite enumeration step withj +1,g + 1,k =
1,and N + 1.
End If
Else Z;, is the best solution for scenario w € (. Return the MFD associated with
Z;,.
End if
End if
End if
Else Z;, is the best solution for scenario w € Q. Return the MFD associated with Z,.
End if
End for
Stop.
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We record the MFD in Fig. 4.5(c) and go back to the finite enumeration step with
j+1,k=1,and N + 1. Now we investigate (3) as shown in Fig. 4.6, where the MFD
in Fig. 4.6(b) provides the minimum objective function value such that we select columns
x, and x5, and then go to the installation step. Now, N = 4. Using the recorded MFD in
Fig. 4.5(c), we remove the installed MCT at (x4, y;) and install an MCT at (x,,y,) and
(x3,y1) as shown in Fig. 4.7(a) while comparing Z, to Z;. If Z, < Z.,, we replace Z,
by Z,. We continue to remove an MCT at (x;,y,) and install an additional MCT at
(x1,¥,) and (x3,y,) as shown in Fig. 4.7(b) since we need to install five MCTs. If Z,, >
Z;,, the GHA continues to investigate the MFD by adding an MCT at a row in the y-axis
for each selected column in the x-axis and terminates if K times of the inefficient MFDs

are collected.

In Fig. 4.7, we assume that the MFD in Fig. 4.7(b) is the first MFD returning Z,, >
Z;,. The GHA continues to remove an MCT at (x;,y3) and install an MCT at (x4, y3)
and (x3,y3) as shown in Fig. 4.7(c). If the current Z, > Z;,, the GHA continues to
investigate other MFDs until there are three inefficient MFDs in the record. Since we
have already installed an MCT for each row at columns x; and x5, we go back to the
finite enumeration step to investigate (%) as shown in Fig. 4.8, where columns x4, x,, and
x5 are selected. In the MFD of the three columns, we remove the installed MCT at
(x1,v1) and (x3,y,) and install an MCT at (x1,v1), (x2,v1), and (x3,y;) as shown in
Fig. 49 (N =7).If 2, = Z,,, the GHA terminates and returns the best MFD associated

with the Z;, as the solution as shown in Fig. 4.7(a).
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Fig. 4.6. The finite enumeration step when the total number of selected columns in the

x-axisis 2 (j = 2)
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Fig. 4.7. Installing MCT one by one in the installation step when j = 2

X1 Xz X3

n elere
2 elele
» e|le|e

Fig. 4.8. The finite enumeration step when the total number of selected columns in the

x-axisis 3 (j = 3)

X1 Xz X3

L)
z e |e
» e |e

Fig. 4.9. Installing MCT one by one in the installation step when j = 3

4.4.1 Computational performance of the GHA

To evaluate the computational performance of our proposed GHA, we compared it with
the complete search and random search algorithms using a marine farm ranging from 2x2
cells to 10x10 cells. We used the input parameters for the ambiguous variables from
Scenario 1 of the case study (see subchapter 4.5). In the complete search algorithm, we
incrementally increased the number of MCTs starting from one, examined all possible

MCT locations, and then applied Kruskal’s algorithm. In the random search algorithm,
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we randomly generated the number and locations of MCTs and then applied Kruskal’s
algorithm. Each algorithm ran for a maximum of 4,320 minutes (3 days). The complete
search algorithm stopped if it completed the search before 4,320 minutes, and the GHA

stopped once it finished the solution search.

Table 4.2 shows that for marine farms with 2x2 cells to 7x7 cells, the complete
search algorithm obtained the optimal solution. The random search algorithm found the
same optimal solution as the complete search algorithm for marine farms with 2x2 cells
to 5x5 cells. The GHA also achieved the same optimal solution as the complete search

algorithm for marine farms with 2x2 cells to 7x7 cells but did so in less time.

For marine farms ranging from 8x8 cells to 10x10 cells, the complete search
algorithm failed to find the optimal solution within 4,320 minutes. Similarly, the random
search algorithm did not achieve the optimal solution within 4,320 minutes for marine
farms with 6x6 cells to 10x10 cells. For marine farms with 8x8 cells to 10x10 cells, the
GHA not only outperformed the complete search algorithm in terms of computational
time but also in the quality of the solution found. This highlights GHA's efficiency in both
solution quality and computational time for larger marine farms. However, since the
complete search algorithm could not finish the solution search within 4,320 minutes for
marine farms ranging from 8x8 cells to 10x10 cells, the optimality of the GHA solutions
cannot be guaranteed. Compared to the random search algorithm, the GHA consistently
outperformed it in terms of solution quality for marine farms with 6x6 to 10x10 cells.
Figure 4.10, which plots the change in solution obtained by the GHA, complete search,
and random search algorithms over 1,440 minutes for marine farms with 3x3 cells and
6x6 cells, demonstrates the significant reduction in computational time achieved by the

GHA.
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Table 4.2. Computational performance comparisons

Marine Proposed GHA Complete search Random search Relative percentage
farm algorithm algorithm (%)
Z; Computatio Z5y Computatio Zp Computatio Z¢q — 27 Zp1— 21
nal time nal time nal time z] Z{
(minutes) (minutes) (minutes)
2%x2 0.5132 09 0.5132 9.5 0.5132° 4,320.0 0.00 0.00
3x3 0.4873 6.8 0.4873 371.2  0.4873" 4,320.0 0.00 0.00
4x4 0.4873 11.1  0.4873 1,486.3  0.4873" 4,320.0 0.00 0.00
5%5 0.4796 853 0.4796 2,344.6  0.4796" 4,320.0 0.00 0.00
6x6 0.4460 127.8  0.4460 3,120.5  0.4521° 4,320.0 0.00 1.36
7x7 0.4186 213.6  0.4186 4296.1  0.4202° 4,320.0 0.00 0.38
8x8 0.4154 2782  0.4186" 4320.0 0.4292° 4,320.0 0.77 3.32
9%x9 0.4064 373.8  0.4186" 4320.0 0.4273° 4,320.0 3.00 5.14
10x10 0.4014 487.5 0.4186" 4320.0 0.4298° 4,320.0 4.29 7.07

Note:

1. Z7, Z;; and Zp, are the solutions obtained by the GHA, complete search and random search
algorithms, respectively.

2. "indicates the best the complete search algorithm or random search algorithm obtains within
4,320 minutes.
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Fig. 4.10 Computational performance comparisons for the marine farm with 3x3 cells

and 6x6 cells
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4.4.2 Robust GHA

To solve the robust optimization model, we employ the pseudocode robust GHA and use
the solution for each scenario w € Q in the BO-MCTIP obtained by the GHA to find a
robust solution under the min-max relative regret. The robust GHA begins with an empty
marine farm with /<K cells, initializes y* to be an infinite number, and initially sets N, =
1 and g = 1, where N,. is the number of MCTs to be installed in the robust model, and g
iterates configuring the MFD. Following the GHA, the robust GHA also installs the
MCTs one by one. At the beginning of the robust GHA, the MFD has at most one MCT
(N, = 1) so we set N,. as N,,,4, in the GHA. In the Main Step, the robust GHA starts by

configuring the MFD to have one MCT using the GHA. It calculates wa for each

scenario w € Q.

If wa < DE, the robust GHA goes back to configure a new MFD using the GHA

with N, + 1 and if wa > DE, it calculates Ii& as R.,. We also calculate the percentage
fo

deviation between R, and Z, as y,,, where Z., is the minimum cost per watt for scenario
w € () obtained by the GHA. The robust GHA obtains y by searching for the maximum
percentage deviation value in y,,. To find the minimum of the maximum percentage
deviation, we compare y to y*. If y < y*, then y updates y* and the robust GHA goes
back to configure the MFD using the GHA with N,. + 1. If y > y*, the robust GHA
continues to investigate the MFD by configuring the MFD with N,. + 1 to avoid staying
in the local minimum. The robust GHA stops if y > y*after K repetitions. The robust

solution is y* and the robust MFD associated with y*is returned.

We use a similar example of a marine farm with 3x3 cells to illustrate the steps of

the robust GHA. We use the four input ambiguous parameters with two extreme values
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from the case study (see subchapter 4.5) for a total of 16 scenarios. We set the DE to be
300,000 watts since the marine farm only has 3x3 cells. The robust GHA first configures
the MFD to have at most one MCT using the GHA since we initialize N, = 1 and then

calculates wa. Since one MCT cannot satisfy the DE for some scenarios, the robust GHA

goes back to configure the MFD with two MTCs, and since two MCTs cannot satisfy the
DE for some scenarios the robust GHA goes back to configure the MFD with three MCTs
as shown in Fig. 4.11(a), where the DE is satisfied for all scenarios. The robust GHA then
calculates R, the corresponding cost per watt of the MFD with three MCTs for scenario
w € Q, followed by calculating y,,, the percentage deviation between R, and Z;,, as
reported in Table 4.3 (Z;, is the minimum cost per watt for scenario w € ( obtained by
the GHA). In Table 4.3, the maximum percentage deviation y for the MFD with three

MCTsis 10.11.
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Robust GHA. The algorithm for solving the robust optimization model
Initialization Step:

Set the empty marine farm with /xK cells.

Let y* be an infinite number.

SetN, =1andg = 1.

Go to Main Step.

Main Step:

Start.

Configure an MFD using the GHA.

For each scenario w € Q,do
Calculate wa.

If wa < DE, then Go back to configure an MFD using the GHA with N,. + 1.

Else Calculate iﬁ as R,,. Calculate R“;:Z“’ as y,-
fo ®
End if
End for
Yy = Il)lgé]’w

Ify <y*, then y* = y. Go back to configure an MFD using the GHA with N,. + 1.
Else
If ¢ < K, then go back to configure an MFD using the GHA with N,. + 1and g + 1.

Else y* is the robust solution. Return the robust MFD associated with y*.
End if

End if

Stop.

To find the minimum of the maximum percentage deviation, we compare y to y*.
Since y < y*, y updates y*, i.e., 10.11, and the robust GHA goes back to configure the
MFD with four MCTs as shown in Fig. 4.11(b). Since the DE is satisfied for all scenarios,
the robust GHA then calculates y,, and finds that y for the MFD with four MCTs is 23.09
as reported in Table 4.3. Since y = y*, y* remains 10.11. The MFD is the first MFD
returning y = y* as shown in Fig. 4.11 (b). The robust GHA continues to configure the
MFD with five MCTs as shown in Fig. 4.11(c), where y for the MFD with five MCTs is
28.65 as reported in Table 4.3 so that y = y* and y* remains 10.11. The robust GHA
continues to configure the MFD with six MCTs as shown in Fig. 4.11(d) and finds that y

for the MFD with six MCTs is 32.87 as reported in Table 4.3. Since y = y*, y* remains

90
doi:10.6342/NTU202403713



10.11. The robust GHA stops after three repetitions (K = 3) returning y = y*. The robust

solution y* is 10.11 and the robust MFD associated with y* is returned as in Fig. 4.11(a).

Table 4.3. Percentage deviations

MEFD with three MFD with four MFD with five =~ MFD with six

Scenario MCTs MCTs MCTs MCTs
Yo (%0) Yo (%0) Yo (%0) Yo (%0)
1 10.10 16.63 17.71 18.64
2 10.11 16.63 17.72 18.64
3 10.11 16.63 17.71 18.64
4 10.10 16.63 17.70 18.63
5 10.10 23.09 28.63 32.87
6 10.11 23.09 28.65 32.87
7 10.11 23.09 28.64 32.86
8 10.10 23.09 28.63 32.86
9 2.19 8.25 9.25 10.11
10 0.00 5.93 6.91 7.75
11 0.00 5.93 6.91 7.75
12 0.00 5.93 6.91 7.75
13 2.19 14.24 19.39 23.31
14 0.00 11.80 16.83 20.67
15 0.00 11.80 16.83 20.67
16 0.00 11.80 16.83 20.67

X1 Xz X3 X Xz X3 X, Xz X3 X, Xz X3

ne nle e @& e 1@ d

- o we | le |e »e e

v | @ e | e w e |e

(a) (b) (©) (d)

Fig. 4.11. Configure the MFD using the GHA
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4.5 Case Study

We validate the effectiveness of our solution approach with a case study of a hypothetical
marine farm located in Cook Inlet, Alaska, as shown in Fig. 4.12. This area is
characterized by substantial energy resources, suitable depths for installing MCTs, and
proximity to Alaska’s industrial and population centers (Wang and Yang, 2020). Using
power density location data from Wang and Yang (2020), we identify the site with the
highest power density of Cook Inlet’s marine current at latitude 60.7° N and longitude
151.4° W, near East Foreland, where the average power density exceeds 5,000 watts per
square meter (W/m2). In our setup, we position the MCTs 25 meters above the seabed,
considering that the mean marine level at the site has a depth of 50 meters, as it

experiences stronger currents compared to the bottom and surface layers (Wang & Yang,

154'W 152'wW 150'wW 14w 146'W
,,U%_’"» < — 4 3 E Matanuska R 5 oy Power Density (Watt/m?)
o i L c»""o 23 & 7 arior 5000
= st By JALASKA | M § 3 .
R V. \ fie 4 & " - H 4000
o SO Island. F |
[ Beimg oL [E e e S e 5 b Lsr'n 3000
Sea el el \Forehv\d /« N Lo 4 2%
61'Nq & ul ¢ My
3 of < Tumagain Arm
e I AV O
East Foreland & Podge i 5
& Cwox S
Kalgin Istand <—
~ ®
Chisk island () & F60°N
g N Kachemsk @
60°NA By @ West
&
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Fig. 4.12. (a) Cook Inlet and (b) Location of the hypothetical marine farm (adapted from

Wang & Yang, 2020)

This study employs MCT parameters (cost, blade length, thrust coefficient) from

Dai et al. (2017) and SPC cost per meter from Nieradzinska et al. (2016). Operation and
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maintenance cost,C,,,, is assumed to be 2.5% of MCT cost, following Wu et al. (2020).

Fixed values of these parameters are presented in Table 4.4.

Table 4.4. Fixed values parameters

Parameter Value
Blade length in meter (7) 9
Thrust coefficient (Cr) 0.7
Cost of an MCT (C,) $799,712
SPC cost per meter (P.) $1,440
Operation and maintenance cost (C,;,) $19,993

We employ a marine farm consisting of 10x10 cells (with N,,,, Set to 100),
following a similar configuration used by Ren et al. (2018). Each cell has a length and
width of 10r or 90 meters, resulting in a total area of 810,000 square meters (or 9002
square meters). This setup ensures that d,,,;,, is 90 meters, allowing for adequate current
recovery behind the upstream MCTs (Vennell et al., 2015). Based on the observations of
Wang & Yang (2020), who note that the prevailing current flow generally occurs in a

northwest direction, we position the MCTs perpendicular to this flow.

The four ambiguous parameters are represented by interval values as listed in Table
4.5. The inflow current velocity (v,) at the site is measured by the US National Oceanic
and Atmospheric Administration (NOAA) using Acoustic Doppler Current Profiler,
where the current velocity typically ranges from 1.4 meters per second (m/s) to 3 m/s
(Wang & Yang, 2020). Hence, the range of inflow current velocity is 1.4 m/s to 3 m/s.
Specific datasets for turbulence intensity (I,) and the density of marine water (p) at the
hypothetical location are unavailable, so we use global data as a representation. Milne et
al. (2013) indicate that turbulence intensity in the marine environment may vary from

6.6% to 15% using the Acoustic Doppler Velocimeter. Safarov et al. (2013) find that the
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density of ocean water ranges from 870.4 to 1099.5 kilograms per cubic meter (kg/m?)
using the Anton-Paar 4500 density meter, based on over 7,000 experiments conducted at
various values of marine salinity, pressure, and temperature. Li (2014), who defines the
power coefficient of the MCT as the ratio between the actual power output and a certain
reference power output determined by the characteristics of the MCT and quantifies the
power coefficient of different MCTs, observes that the power coefficient of the MCT

varies from 38% to 49%.

Table 4.5 Range of ambiguous parameters

Parameter Value
Inflow current velocity (v,) 1.4- 3 mls
Turbulence intensity (I,) 6.6% - 15%
Density of the marine water (p) 870.4 - 1099.5 kg/m3
Power coefficient of the MCT (C,) 38% - 49%

In a scenario-based approach, the ambiguous parameters' continuous values within
an interval can result in an infinite number of distinct scenarios. To manage this, a set of
extreme scenarios, incorporating the minimum and maximum values within the interval,
is employed (Kasperski & Zielinski, 2016). Consequently, with four ambiguous
parameters having two extreme values, there are 2% or 16 scenarios generated. For this

study, the DE is established at 5,000,000 watts (5 MW).

The GHA vyields solutions for these 16 scenarios, as documented in Table 4.6. Only
six solutions are common across all scenarios: scenarios 1, 2, 3, 4, 9, 10, and 11 each have
45 MCTs; scenarios 5, 6, 7, 8, and 13 each have 31 MCTs; and scenarios 12, 14, 15, and
16 each have 47, 42, 41, and 68 MCTs, respectively. Notably, the inflow current velocity

exhibits the most substantial impact on the objective function values; when set to 1.4 m/s
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in scenarios 9 through 16, the cost per watt tends to rise. This underscores the inflow

current velocity's critical role in the marine farm's efficiency.

Table 4.6. Solutions of the BO-MCTIP model for each scenario

Ambiguous Parameters Solutions
Scenario
Vo Iy p Gy N Z3
1 3 15%  1099.5 49% 45 0.4014
2 3 15%  1099.5 38% 45 0.5176
3 3 15%  870.4 49% 45 0.5071
4 3 15%  870.4 38% 45 0.6539
5 3 6.6% 1099.5 49% 31 0.4574
6 3 6.6% 1099.5 38% 31 0.5898
7 3 66% 8704 49% 31 0.5777
8 3 66% 8704 38% 31 0.7450
9 1.4 15%  1099.5 49% 45 3.9500
10 14 15%  1099.5 38% 45 5.0935
11 14 15% 8704 49% 45 4.9897
12 14 15% 8704 38% 47 6.4370
13 1.4 6.6% 1099.5 49% 31 4.5006
14 14 6.6% 1099.5 38% 42 5.9216
15 14 6.6% 8704 49% 41 5.7622
16 14 6.6% 8704 38% 68 9.3146

Six MFD layouts are depicted in Fig. 4.13. MFDL1, representing scenarios 1, 2, 3,

4,9, 10, and 11, is shown in Fig. 4.13(a); MFD2, representing scenarios 5, 6, 7, 8, and

13, is shown in Fig. 4.13(b); while Figs. 4.13(c), 4.13(d), 4.13(e), and 4.13 (f) illustrate

MFD3, MFD4, MFD5, and MFD6, respectively, corresponding to scenarios 12, 14, 15,

and 16. These figures reveal that the distance between an upstream MCT and a

downstream MCT exceeds the minimum distance, d,,;,, of 90 meters, suggesting that

mitigating wake effects is more beneficial than overcrowding the farm with MCTs.
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Additionally, the case study validates the robust optimization model. Table 4.7
reports the maximum relative regret, y, where certain scenarios in MFD1 to MFD5 fail
to meet the DE (refer to Table 4.8 — 4.12). Conversely, all scenarios in MFD6 meet the
DE, as shown in Table 4.13. The robust GHA identifies the robust solution with the
minimum of the maximum relative regret at 27.07%, achieved by installing 68 MCTs,
feasible for all scenarios. Fig. 4.14 illustrates the layout of the MFD for the robust

optimization model, termed the robust MFD.
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Fig. 4.13. MFDs for the 16 scenarios
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Table 4.7. Maximum relative regret

MFD N y (%) Feasibility for all scenarios
MFD1 45 4.09 Not feasible

MFD2 31 4.39 Not feasible

MFD3 47 5.45 Not feasible

MFDA4 42 2.04 Not feasible

MFDS5 41 1.37 Not feasible

MFD6 68 27.07 Feasible

Table 4.8. Percentage deviations between MFD1 and BO-MCTIP solutions for each

scenario
MFD1 BO-MCTIP Solution % Deviation
Scenario N R N z Ry — 25
Z

1 45 0.4014 45 0.4014 0.00
2 45 0.5176 45 0.5176 0.00
3 45 0.5071 45 0.5071 0.00
4 45 0.6539 45 0.6539 0.00
5 45 0.4760 31 0.4574 4.07
6 45 0.6138 31 0.5898 4.07
7 45 0.6013 31 0.5777 4.09
8 45 0.7754 31 0.7450 4.08
9 45 3.9500 45 3.9500 0.00
10 45 5.0935 45 5.0935 0.00
11 45 4.9897 45 4.9897 0.00
12 45 Cannot satisty the DE 47 6.4370 -

13 45 4.6842 31 4.5006 4.08
14 45 6.0401 42 5.9216 2.00
15 45 59171 41 5.7622 2.69
16 45 Cannot satisty the DE 68 9.3146 -
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Table 4.9. Percentage deviations between MFD2 and BO-MCTIP solutions for each

scenario
MFD2 BO-MCTIP Solution % Deviation
Scenario N R N z: Ry — 25
Z e
1 31 0.4190 45 0.4014 4.38
2 31 0.5403 45 0.5176 4.39
3 31 0.5293 45 0.5071 4.38
4 31 0.6825 45 0.6539 4.37
5 31 0.4574 31 0.4574 0.00
6 31 0.5898 31 0.5898 0.00
7 31 0.5777 31 0.5777 0.00
8 31 0.7450 31 0.7450 0.00
9 31 4.1232 45 3.9500 4.38
10 31 Cannot satisfy the DE 45 5.0935 -
11 31 Cannot satisfy the DE 45 4.9897 -
12 31 Cannot satisfy the DE 47 6.4370 -
13 31 4.5006 31 4.5006 0.00
14 31 Cannot satisfy the DE 42 5.9216 -
15 31 Cannot satisfy the DE 41 5.7622 -
16 31 Cannot satisfy the DE 68 9.3146 -
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Table 4.10. Percentage deviations between MFD3 and BO-MCTIP solutions for each

scenario
MFD3 BO-MCTIP Solution % Deviation
Scenario N R N z; Repsupid
Z e

1 47 0.4017 45 0.4014 0.05
2 47 0.5180 45 0.5176 0.04
3 47 0.5074 45 0.5071 0.04
4 47 0.6543 45 0.6539 0.03
5 47 0.4945 31 0.4574 5.42
6 47 0.6376 31 0.5898 5.43
7 47 0.6246 31 0.5777 5.45
8 47 0.8054 31 0.7450 5.44
9 47 3.9526 45 3.9500 0.05
10 47 5.0968 45 5.0935 0.05
11 47 4.9930 45 4.9897 0.05
12 47 6.4383 47 6.4370 0.00
13 47 4.8658 31 4.5006 5.43
14 47 6.2743 42 5.9216 3.33
15 47 6.1465 41 5.7622 4.02
16 47 Cannot satisfy the DE 68 9.3146 -
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Table 4.11. Percentage deviations between MFD4 and BO-MCTIP solutions for each

scenario
MFD4 BO-MCTIP Solution % Deviation
Scenario N R, N z; Ry — 25
Z e

1 42 0.4016 45 0.4014 0.05
2 42 0.5179 45 0.5176 0.06
3 42 0.5073 45 0.5071 0.04
4 42 0.6542 45 0.6539 0.05
5 42 0.4667 31 0.4574 2.03
6 42 0.6018 31 0.5898 2.03
7 42 0.5895 31 0.5777 2.04
8 42 0.7602 31 0.7450 2.04
9 42 3.9522 45 3.9500 0.06
10 42 5.0962 45 5.0935 0.05
11 42 4.9924 45 4.9897 0.05
12 42 Cannot satisfy the DE 47 6.4370 -

13 42 4.5922 31 4.5006 2.04
14 42 5.9216 42 5.9216 0.00
15 42 5.8010 41 5.7622 0.67
16 42 Cannot satisfy the DE 68 9.3146 -
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Table 4.12. Percentage deviations between MFD5 and BO-MCTIP solutions for each

scenario
MFD5 BO-MCTIP Solution % Deviation
Scenario N R, N z: Repsupid
Z e

1 41 0.4018 45 0.4014 0.10
2 41 0.5182 45 0.5176 0.12
3 41 0.5076 45 0.5071 0.10
4 41 0.6546 45 0.6539 0.11
5 41 0.4635 31 0.4574 1.33
6 41 0.5977 31 0.5898 1.34
7 41 0.5856 31 0.5777 1.37
8 41 0.7551 31 0.7450 1.36
9 41 3.9544 45 3.9500 0.11
10 41 5.0992 45 5.0935 0.11
11 41 4.9953 45 4.9897 0.11
12 41 Cannot satisfy the DE 47 6.4370 -

13 41 4.5616 31 4.5006 1.36
14 41 Cannot satisty the DE 42 5.9216 -

15 41 5.7622 41 5.7622 0.00
16 41 Cannot satisfy the DE 68 9.3146 -
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Table 4.13. Percentage deviations between MFD6 and BO-MCTIP solutions for each

scenario
MFD6 BO-MCTIP Solution % Deviation
Scenario N R P N Z Ro =20

(MW) 2o
1 68  0.4155 112.16 45 0.4014 3.51
2 68  0.5357  87.06 45 0.5176 3.49
3 68  0.5248  88.87 45 0.5071 3.49
4 68  0.6768  68.92 45 0.6539 3.50
5 68  0.5811  80.26 31 0.4574 27.04
6 68 0.7493  62.25 31 0.5898 27.04
7 68  0.7341  63.54 31 0.5777 27.07
8 68 09466  49.28 31 0.7450 27.06
9 68  4.0885 11.4l1 45 3.9500 3.51
10 68 5.272 8.85 45 5.0935 3.50
11 68  5.1646 9.03 45 4.9897 3.501
12 68  6.6596 7.01 51 6.4383 3.44
13 68  5.7184 8.16 31 4.5006 27.06
14 68  7.3737 6.33 42 5.9216 24.52
15 68  7.2236 6.48 41 5.7622 25.36
16 68  9.3146 5.01 68 9.3146 0.00
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Fig. 4.14. Robust MFD
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These findings emphasize that meeting the minimum power requirement is crucial
for preventing potential blackouts (Staffell & Pfenninger, 2018), with our robust solution

approach ensuring this minimum requirement is satisfied.

4.6 Summaries

In this study, we introduce a BO-MCTIP model to determine the optimal number and
locations of MCTs in a hypothetical marine farm. The upper-level model considers wake
effects, which can reduce power generation, while the lower-level model focuses on the
SPC connection cost of the installed MCTs. Our proposed GHA includes a finite
enumeration step to account for wake effects and an installation step that strategically
places MCTs in adjacent rows to minimize SPC connection costs.

We develop a non-parametric, scenario-based robust optimization problem to find
a solution that meets a minimum power requirement and minimizes expected regret across
16 possible scenarios. A case study of a hypothetical marine farm in Cook Inlet, Alaska,
validates our approach. The results indicate that MFD generally requires larger clearance
distances among MCTs, and appropriate spacing can reduce the cost per watt.
Additionally, marine current velocity significantly impacts MFD performance.

Future research could explore relaxing the homogenous features of cell sizes and
depths. Moreover, considering a variable SPC connection cost based on the locations of

installed MCTs could be an interesting direction for further investigation.
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Chapter 5 Conclusions

This study demonstrates the application of data-driven optimization techniques to-address
three specific industrial challenges: queue-time loop scheduling, turbulence-parameter
calibration for marine turbines, and marine turbine layout optimization. The findings are

as follows:

1. Queue-Time Loop Scheduling: To manage the dynamic nature of queue-time loops in
flow shop scheduling, we propose the Phase-Step (PS) method in combination with
Combinatorial Benders’ Cut (CBC). This combination significantly outperforms
traditional heuristics like First-In-First-Out (FIFO), Threshold Dispatching (TH), and
Reaction Chains (RC), particularly under high job arrival rates, effectively reducing
the number of scrap jobs.

2. Turbulence-Parameter Calibration for Marine Turbines: We employ artificial neural
networks (ANN) coupled with optimization techniques such as Genetic Algorithms
(GA) and Particle Swarm Optimization (PSO) for turbulence-parameter calibration.
Our approach achieves notable reductions in the final error, bridging the gap between
simulation and experimental results by refining calibration strategies.

3. Marine Turbine Layout Optimization: For the marine turbine layout problem, we
introduce the Greedy Heuristic Algorithm (GHA) integrated with Kruskal’s algorithm.
This method effectively minimizes power generation reduction due to wake effects
and reduces installation costs. Validation through a scenario-based robust optimization
approach highlights the importance of turbine spacing and the impact of marine current

velocity on performance.
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The study showcases the efficacy of data-driven optimization techniques in tackling
industrial problems, demonstrating superior performance compared to alternative
methods. It underscores the broad applicability of these methodologies in industrial
problem-solving due to their ability to provide effective solutions. Furthermore, the
research emphasizes the practical implications of these methodologies in real-world
applications, providing a comprehensive framework for addressing complex industrial
challenges. The successful implementation of these techniques not only improves
efficiency but also paves the way for future innovations in the field, reinforcing the

potential for continued advancements and optimization in industrial practices.
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