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Abstract

Nowadays, the existence and ease of access to massive amounts of data encourage proposing data
driven solutions. As optimization has always been based on the interchange between models and
data, highlevel optimization tasks such as planning and scheduling will extremely benefit from
information mined from massive data sets. The development of kegtaals (i.e., machine
learning) has proven superiority over traditional data tools in dealing with vast amounts of data,
data with undefined structure and capturing important information from data in a very efficient
and computationally tractable mann€herefore, in this work, big data tools are implemented to
address the challenges associated with planning models of energy infrastructure that incorporate
renewable resources and chemical engineering processes, namely, uncertainty handling, multiscale
modelling, and unit process equation complexity.

A Datadriven stochastic optimization framework that leverages big data in design and operation
of power generation planning is proposed.-A&ans clustering algorithm is adopted to generate
uncertainty scearios for the stochastic optimization framework. These scenarios are used as inputs
to the stochastic model where the proposed model is formulated as a mixed integer linear program
(MILP) and solved using GAMS. The proposed approach is applied to diffgvemr planning

models that includanit commitment (UCEharacteristicsvhere the size of uncertainty scenarios

is reduced. Results show that the proposed approach is an effective tool to generate reduced size
stochastic scenarios.

The design and operati of energy hub problem involvéise integration of decision levels with
different time scales that usually lead to multiscale models which are computationally expensive.
The multiscale (i.e., planning and scheduliegergy hub systems that incorporat@awable

energy resources become more challengimgodeldue to a high level of intermittency associated

with renewable energy. A mathematical programnbiaged general clustering approach is
applied to reduce the size of multiple attributes demand aadatacklethe computational
complexity of multiscale energy hub problems. Multiscale with multiple attributes energy hub
incorporating hydrogen storage is modelled as a MILP stochastic optimization problem under wind
uncertainty. Different case studiegayenerated under different environmental consideration to
assess the efficiency of the clustering approach and stochastic formulation. Assessments conclude
that the clustering approach is an effective tool to reduce the size of the original model while

maintaining good results.



Recent advancements in supervised machine learning tools have demonstrated their ability to
achieve accurate and efficient prediction results. Therefore, in this study, these tools are employed
as alternative approaches to modebgecific application in the gas industry. The chosen
application isa natural gas condensate stabilization process based on operatingatatal gas
condensate treatment involves condensate stabilization process in which light end components are
removedand thus condensate vapgoressure is reduced to meet storage and transportation
specification. Different supervised machine learning models are developed to predict the
performance of two industrial condensate stabilizer units. Large datdseite two different
industrial condensate stabilizers, including operating data of-oytput variables, are utilized to
develop and evaluate these models. The main purpose of developing these machine learning
models is to predict the important paraemstof the final stabilized liquid. Results attained from

this study showcase the capability of the developed models to offer reliable and accurate
predictions.A datadriven surrogatéased optimization framework is developed, where the
generatedmachinelearning models can serve asconvenientreplacementor detailed first
principle models, to findthe optimal values of the variables corresponding to the minimal
operational energy consumption. The proposed framework can benefit the gas industry to

simultaneouslyachieveprocesfficiency, profitability, and safety.
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Chapter 1 Introduction

1.1 Project Motivations

Optimization or mathematical programming is extensively usethiny strategic decisiemaking
problems$l1]. It is a core concept within process systems engineering and operations research. It
can help guide the decision maker over which strategy and operational catdiapply in order

to minimize the overall cost or maximize the profit while satisfying problemsttaints. Its
application has proven its superior performance by increasing the profits while maintaining
customer or/and decision maker satisfacfgjnTypical applications of optimization can be found

in engireering, transportation, production, operational research, supply chain management and
many other fields.

Process optimization unddeterministicconditions can lead to solutions for omlgrtainprocess
parametersd.g.,fixed fuel price fixed powerdemandrofile andfixed feedstock price). However,
most reallife problems include some sort of uncertainty in which deterministic models are
incapable ofsolving themor give unpractical solutions that are optimal only under certain
conditions.Many modéd parameters are uncertaandchallengingto predict in real life, such as

the availability of renewable energyerfect information that includes assignipgpbability
distributionsto the random variable@uncertain parametersis onetypical way to takle the
decisionmaking problem Another traditional way to tackle this problem, is tfeed the
optimization model under uncertainty with large numberasfsible uncertain scenariéfowever,

prior knowledge on uncertain parameter distributionssgallyunknown andequires extensive

effort toemploy, as well as, usingvery large number of scenarios is computationatiyractical

[3]. The availability of massiveamounts of data and the recagtvance®f data analytics tools
such as machine learningncourages the implementatiah these methodsn optimization
problemsunder uncertaintyTherefore, oneyoal of thisprojectis to investigatehow important
informationfrom reatlife available data cabhe capturedthroughthe advances of data analytics
toolsand applied t@ptimization problemsinder uncertaintyMore specifically, the focus will be
onproposingasimple datadriven approach fqgower generatioplanningmodels that incorporate

intermittentrenewableenergysources



Conventionally,modelling approaches fosuon a monoscale perspective. When macroscale
behaviar of a system is the focal point, the microscalen@lelledusing constitutive relations.

On the other hand, i1 f the subject matotcars 1 s
at a macroscale level, and larger scdtese a homogenous process. However,ist quite
challenging to extend such simple empirical methods to more cosydtamsThe need to tackle

the restrictions of both aforementioned approaches (macw micrescale) is the reasofor
implementing multiscale modelling approach. Therefore, multiscale approach targets
simultaneously the efficiency of macr oscal e
precision A more comprehensivenodelling approach can bachieved when the problem is
evaluated from different scales and levetsspectiveat the same tim@4]. The integration of
planning €.g.,design) and scheduling.g.,operation)is an example ch multiscale modelThe
integration of different decisioevel improvesiecision level management which results in lower

net cost. Yet, largscale problems are formed as a result of different time scales integration that
are typically computationally intractabl&he design and operation of energy hubs faces similar
challenges. The multiscalei(e., planning and scheduling) energy hub systems that incorporate
renewable energy resources become more challenging to be modelled due to a high level of
intermittency associated with renewable enefigy tackle this problem differemhodelling and
solution approaches have bgaoposedClustering has shown potential asappropriate data

driven solution approach to deal with such probleSmilar input parameterse(g.,demand or
price)thatexhibitsimilartrendsare aggregateasing clusteringAccordingly, clusteringcan serve

as an effective tool to reduce model samelenhanceomputational tractabilityhile maintaining
acceptablesolution accuracyTherefore,in this work, the application of clustering approach to
multiscale energy hub planning and operation model under intermittent wind energy is
investigated

Modelling of processing facilities tailored for the production of specific chemical products from a
specific set of raw materials is considered to be one of the fundamental problems in chemical and
process systems engineerinjhese processeaim to perform specific physicochemical
transformations, in an economically profitable way while satisfying pramiuc¢quirements and
several other constraints including raw material availability, operational safety, environmental
regulationsetc. However,modelling these processesolve many complex unit equation blocks

which can be solved using conversion $aov physicochemical engineering fundamentals and



available simulation softwarf®]. Despite the significant developments in realistic unit operation
models (.e.,the kind of models featured in commercial process simulators considerifigaadn
thermodynamics, kinetics, and transport properties calongrand the availability of commercial
process simulatof§] (e.g.,ASPEN][7], HYSYS, ProMax8], gPromg9]); modellingthembased

on detailedrealistic unit operatiorequationsrequire significant effort and are computationally
expensive to dwee. It would be even more complicated to solve these detailed models when they
are combined with optimization routirjé0], [11]. On the other handgommercial simulation
software can obtain accurate resutisnethelesghese commercialoftwareare not opersource

plus combiningthem with optimizatiormodelsare challenging[12]. At the same timetecent
advancement in technology have allowed the industry to collect and store massive amounts of data
from their processe§l3]. Datadriven surrogate modelling can be defined as a Hiaok
modelling approach that can utilize available dhtaan relate relevant inputs to relevant outputs

to describe process operations. Such models have been used in industry and literature to describe
processes by replacing existing expensive models (serve as surrogates to reduce model
complexity) and correteons which have not yet been theoretically explaified]. Given the
existence of vast amounts of data and the recent developments of data analyficsichods
machine learningnethodsand the need faeduced ordemodels which carelate relevant inputs

to relevant model outputs to represent process operafitresefore,the role of datalriven
surrogate modelling can be extremely valuable. Another reasomoiaatesthis research to use

thebig dataanalytics toolsi(e., madine learning), is that these tools have proven their ability to
generate accurate and computationally efficient surrogate or redutedmodels[13]. Thus,
applying the datariven surrogate modelling approach in an optimization framework will reduce

the mathematical complexity of the entire optimization framework model and impose a suitable
mathematical representatiomhich can be solvedumericallyby current stat®f-art numerical
solverg5]. Thus,in this projectdatadriven surrogatéased optimization frameworkproposed

In this approach, we will leverage salledmachine learningools into process optimization by
replacing the unit operationds dediewenrodel model
In future, with promising research, theoposednethodsandframeworls can be applieto different

energy infrastructure and chemical procesgemavherethese systemsangain the full benefits from

existing information



1.2 Project Goals and Contributions

Considering the motivations mentioned above, the main goal oegeanch is to develop data

driven solutions that can benefit energy infrastructure planning and industrial process operation

optimizationmodels by improvingtheir solutions reliabilityandcomputationatractability. In

line with this research work, the following are th@alsof this study:

1 Developa datadriven stochastic optimization framewotfkat intgrates machine learning
toolsinto power generation planningodel As renewable energy availability suffers from
intermittency and uncertainty, it is very important to model their uncertainty and determine
their behaviourUnsupervised machine learning algorithmnfkeans clustering) is employed
to generate uncertainty s@iosfrom the historical weather and demand datecordingly,
reduced sizencertainty scenaripthatfeature underlyingatterndrom uncertairparameters
aregeneratedThese scenarios are used as inputs to the stochastic model whanepthsed
model is formulated as a mixed integer linear programming (MILP)

1 Develop multiscale approach to model stochastic energy hub systems under the uncertainty of
renewable energy resources. A mathematical programbaisgd general clustering approach
is applied to reduce the size of multiple attributes energy hub demand data. Evaluation of
heuristic approach derived from the mathematical programtrasgd clustering approach to
reduce clustering computational timie carried out. A datdriven statisical method is
employed to model the intermittebéhaviourof uncertain renewable energy. Following the
aforementioned methods, the design and operation (multiscale) of an energy hub with
hydrogen storage is reformulated asva stagestochastic model.

1 Develop datadriven surrogateébased optimization framework for chemical process
(condensate stabilizer procebgsed on real plant datollected data are undgmecleaning
processn which outliersare detectednd removedUsing cleaned datalifferent supervised
machine learning modelthat describe process operatiomase developed to relateputs to
outputs The predictions from the developed madek validated against actual plant operating
data An optimization framework based on trusgion constraint algorithis proposegdwhere
the machine learningnodel with highest prediction accuracis integratedas a surrogate
model thadescribehe process

The main outcome of this study wie different general framewoskthat canconnectbetween

datadrivenapproacksandoptimal planningand operatiomf energyinfrastructurs (e.g.,power
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generation, energy hub systerasd industrial processés.g.,condensate stabilization procgss

Through the implementation of theapproacheddifferent typesof interment renewablenergy

resourcesan be integrated to power generaf@npower generation capacypansiohplanning

modelthat involveCO; emissions regulationslifferent energyub topology with multiplenergy

carrier demandander different energgesourcesntermittencyat reasonably low computational

expenses can be investigatethd thesurrogateébased optimization approach can serve as

computeraidedsoftwarewhere it can be applied to differantustrial processusing either actual

plant data or simulated data from commersia f t war e 6 s

High-level optimization tasks such as planning and scheduling can highly benefit from information

mined from datathrough the proposed datiriven approaches, since optimization has always

been based on the interchange between models arfd4fat@raphical representation of the scope

of this project is depicted in the followirkggure1.1.
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Figurel.1l. Datadriven optimization project scope

1.3 Dissertation Outline

Chapter 2 presents the background of mathematical programming techniqueg dathtools

that are relevant to this project. The background information is also linked to previous research

projects that have studied dataven optimization.

Chapter 3llustrates a case study application on dhtaen optimization. In this chaptea data

driven optimization approacis used to optimally design and operate a pogarerationplant

under demand and wind energy uncertainty.



Chapter 4presents a case siudrherea multiscale clustering approachapplied toa stochastic
energyhub model.

Chapter 5shows a case stydhatnatural gas processirfgondensatstabilizer)is modelled and
process optimizatiois perfformed based on machine learning approacthis chaptersurrogate
based optimization framework that leveratgadriven machine learning moddls condensate
stabilizeris generated

Chapter6 includesthedissertatiod soncluding remarks arubtertial futureworks.



Chapter 2 Background and Literature Review

This chapter is divided into three main sections namely: 1) background on mathematical
programming methods, 2) data analytics tools that will be used in the current project and 3) a
literature review on datdriven optimization.

The objetive of this chapter is to give the reader an overview on what has been done so far in this
field. It will demonstrate different mathematical programming formulations used for process
optimization. It will also give an overview of the recent advancesiaf @nalytics tools and it will
describe some of the main machine learning algorithms that will be used in this project. Finally,
the various contributions related to the topic of the thesis will be presented.

2.1 Mathematical Optimization Methods

Mixed integer programming problem (MIP) is broadly used in chemical design and process
engineering. Typical applications include superstructure modelling, allocation problems,
scheduling problems, and so on. A mixed integer programming problem (MIP) is an optimizatio
model that has both integer and continuous variables. Conventionally, the integer variables in
typical process system engineering applications refer to the binary variableaftables/ e.g.,

developi not to develop).

G Q6 "Qahw
(&8 Qoo T
Qo

wN - Tip

(2.1)
Where the objective functiod® "Qaftdo in general, represents a desired economic or
environmental measure, while the equality and inequality constridfso and "Qchw are
imposed to satisfy unit equations.d., thermodynamics, mass and energy balances) design
equations, physicalonistraints, design specifications or logical conditi@sntinuous variables,
(x) can be attributed to power, flowrates, equipment sizes, pressures and tempevharess 0
1 binary variablegy) can be attributed to the existence of units (to be deeel or not, design
decisions), scheduling (assignment to units to tasks and time periods), whether units are operating

or not (online or offline, operational decision) at each time period.



For this thesis, the General Algebrodelling System (GAMS)[15] is used to formulate and

solve the mathematical programming models. GAMS is one of the leading comimeydelling
systems for mathematical programming and optimization framework. It enjoys simple
programming syntax and a wide range of integrated solvers that can be called based on the
mathematical programming type. GAMS has the ability to deal with conaid large scale
modelling applicatiorfd5]. The existing literature has a large number of studies on the optimal
design and operation of energy and process systemdanbdehave been formulated and solved

in GAMS [16].

Typically, mathematical programming models can be validated using two approaches namely
validation by construction and waation by results. Validation by construction relies on procedure
believed toappropriate by the model builddrhis approach involves the modelling the problem
based on experiena@nd theoryand thespecification of the problerdataare either based on
scientific reasonable estimation or based on real world observation. On other hand validation by
result involves consists of comparing the modelesults with correspondingreatworld
outcomegl7]. The validation by construction methodology was followe validate and construct

the mathematical pgramming models in this study

2.1.1 Deterministic Approach

In this section, we will demonstrate different mathematical programming approaches for handling
uncertainty through a simple example optimization proljis8h The examplevas adopted from

[18] and modified for the sake of this study. Assume that we have two types of oil namely national
(oil1) and imported oil (o#), two types of gasoline will be produced (standard and premium) The
output of gasoline per unit of the raw productivity) and the demands for each type of gasoline
(dgasl, dgas?2) are also showrnTable2.1. The unit costs of the raw oil materials areu(@t of
currency per unit mass for oiand 3 for oit). The maximum total amount of oil that can be
processed in the plant is 100. According to the given information, the problem can be formulated

as a linear programming model.

Table2.1. Productivities (oil, gasoline), and demand of gasoline for the motivating optimization
problem

Standard gasolinel Premium gasoline
Oil1 2 3




Qil, 6 3
Demand (d) 180 162

The deterministic formulation of this problem is presented in the followgugtions(equations
(2.1) to (2.6))

Objective function:

G Qéei xw ow
(2.2
Plant capacity constrain
88 w w pTT
(2.3)
Demand constraiis
qe P Py
(2.9
ow ow P OC
(2.5)
Positive variable constrais
W 0EQ T
(2.6)

The optimal solution for the above problem is given as follows:
@ o pHOEi Pgo
In the prior case the productivities and demands are assumed to be fixed and known to the decision
maker before deciding on the production pldhe solution of this preliminary optimization
problem is calledhe Deterministicsolution(it is also called optimal on average). However, this
is obviously not always the case. Most of the time, given data are not cedaidefmand and
productivity), they vary within certain limits, and that the decision should be made on the
production plan before knowing the exact values of the data. For the sake of this demonstration
|l et 6s be more specifi c.rdahdmseminegasolnagthiadsbBnen) d e ma n
are varying randomly. The two demands are represented by the two following readabtes
respectively, and , with normal distributionsi.e.,

QQi o x7 p oy

QQi o  x pohp
We assume that these two random variables are

are denoted by . . Also, it is assumed that they are restricted by 99% confidence



intervals, respectively. The 99% confidence intervals bound for the two random variables are
shown as follows:

, N p T8pdw pdIp

, N opodptp By

2.1.2 Worst-Case Approach

One possible solution against uncertainty issues in the demand is to look for a solution that is
Asafeo and can satisfy al/l possible realizat:i
all possible realizations of the demands. This approachllisd theWorstCaseScenario. This

approach is conservative and does not take any risk (veryj53fe) Let 6 s assume t hat
random variables are approximated by K scenamo, €ach scenario derived from the normal

distributionwithin 99% of its confidence interval). The demand constraint can-beitten as

follows:
) QW , hov o
(2.7)
ow 0w , Oy O
(2.8)
We need to solve for all possible k scenarios

point will be feasible for all other realizations. Therefore, the solution of the \Warst Scenario
can be obtained by solving the refinery problem whendémand is maximum. The demand
constraintg2.7) and(2.8) can be written as follows

W P G pBIp

ow ow P U Y
The solution for the above worsase scenario approach problem is shown below:

@ T ho ¢ch wéiprTu

However, enquiring feasibility for any future realization of uncertainty can be too restrictive.
Extreme rare events may exist dading on the data and they can make the almost feasible set
empty (leads to an infeasiljlE9], [20] programming is the alternative method that can be used to

overcome these restrictiofis3].

2.1.3 Model with Chance (Probabilistic) Constraint
Instead of solving for the Wor§lase, we will solve for the points that are with only some

probability [18], [19] approach also called the Chance Constraint or Probabilistic Constraint. In

10



this approachthe problem is solved with some sort of risk introduced by the decision maker. The
illustration of this method is applied to the refinery example. Therefore, we will solve the
probability of the demand constraint to be within a certain level of acceptdtti)) wher e U
the risk probability. Therefore, we will find a solution for the refinery problem that can satisfy the
following probabilities of the demand constraints
0icw P ; p -
n iow ow : p -
Where0 i denotes the probability of that constraint. These probabilities are tatladdual/
Separate Chance ConstraintSince, and , are random variables that follow the
normal distribution, the above probabilities which tise inverse cumulative distribution (CDF)
can be calculated sllows [19], [20]:
q« 0l 0 p -
(2.9
ow ow O p -

(2.10
Where™O s the inverse of the CDF (cumulative distribution function) of the random variable

Since, and, are scalar, we can have an expression for the generalized CDF inverse
as follows[19]:
O p - , %o p -,
(2.11)
Where, denotes the random variable me%n, is the standard inverse cumulative distribution
function @ Tip and, is the standard deviation. Hence, using this fornfitbl) the demand
chance constrain{gquatios (2.9) & (2.10)) can be written as follows:
) QW , %o p -,
ow ow : %o p -,
The righthand side of the above equation can be calculated, and the demand constraints will be as
follows:
qe) P G & G
ow ow P X&T
The solution of the refinery problewith Chance Constrainfior the demands asfollows:
o o@ mhp ¢ BTt Q&éi @18

The chance constraint is concerned with not violating the feasididjy

11



2.1.4 Model with Recourse

In this case, the model is defined for the extreme events that do not constii@intbst suré

feasible points significantly. In this approach, the model is formulated with a recourse variable.
Recourse variables represent the amount of penalty (donkeafter observing the realization of
uncertainty. These variables are called vaaittsee variables. On the other hand, the variables that
are decided before the uncertainties are realized are calledritenew variabled18]i [20]. A

typical model of stochastic optimization with recourse is the Two Stage Stochastic Programming
With Recoursd20]. At the first stage, certain decision®(, here and now) are made before the
realizaton of uncertainty, whilst at the second stage corrective actions (wait and see) are taken
after uncertainties are revealed. The secstage variables work as corrective action to avoid
infeasibility when random events have presented themselves. Farcigstia an energy system
process and design, the first stage variables can be represented by design decisions and the second
stage variables can be represented by operational level decisions.

In the refinery example, the problem is modelled agaastagestochastic program. The refinery
company will pay a penalty if they do not satisfy the market demand. They will have to buy the
amount of gasoline that is in shortage and supply the market demand. The amount of gasoline that
will be imported by the compgwhen there isshortage in their productiond.,c an 6t meet
market demand) is denoted Bysanad and Yremiun). These variables.é., y) are the recourse
variables and they are functions of the realization of our random variigblar{cetain demand).

It is assumed that the cost of the imported gasolines per unit are (7 for standard and 12 for
premium). In this type of problem, it is a common practice to assume that the random variables
have a finite discrete distribution. The reason b#iagjwhen a continuous distribution is assumed,
there will be an evaluation of the expected value which appears in the objective. The evaluation of
the expected value of continuous distribution requires multivariate numerical integration; and an
implicit definition of the recourse variable/functione(, as they are a function of the random
variable having the continuous distribution). Therefore, the problem will be highly nonlinear and
intractable. More details on this can be found1i8]. The normal distribution of the random
variable is approximated by a discrete distribution. A naive sampling method was used to generate
scenarios for the refinery problef@1]. The two stagestochastic programs can be naturally
reformulated into an equivalent singével optimization problenfi20]. Accordingly, the former
deterministic refinery problem can be formulated as follGeggiations (2.12) (2.14))

12
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Where the subscriptrepresents the index for the total number of scen&riot order to solve
this problem, 20 realizations were drawn for each demand ( and , ). A total of 400
scenarios were considerel £ 207). All the case study problems are solved on GAMS 24.5 and
CPLEX][15] was selected as a solver. There were&fgations (400 for each demand constrain
and one objective and one capacity constyand 802 variables (2 first stage variables and 800
second stage recourse/second stage variables). The optimal solution of this problem is reported as
follows:
of o®uftef (B ©Ei @ ofwu

The first stage cost is 137.88it cost
The quality of each solution can be assessed by defining reliability. Reliability is the probability
of constraints that are subjected to uncertain random varitabbesfeasibl¢18] (in the case of
the refinery example itds the probability of
following equation(2.16):

i o e

ouf’ ooy ,
(2.16)

As it was assumed that the demand is normally distributed and the answer can be calculated by
employingPython function (multivariate normal from SciPy pack§g2]). Table2.2 shows the

assessment of the solution quality for different mathematical formulation.
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Table2.2. Objective function and solution quality for different mathematical formulations.

Model o o First stage Feasibility/ Reliability
cost
Deterministic 36.0 18.0 126.0 0.25
WorstCase 40.0 21.0 145.0 0.99
Stochastic with recours| 37.6 20.8 137.3 0.88

As it can be noticed from thiBable 2.2 the deterministic solution gives the best cost but a less
reliable decision. The worshse is expensive, however, it gives the best reliability. On the other
hand, the solution of thievo stage stochastic approach with recourse is not too expensive with a
reasonable probability of being feasible. From this discussion and example, we can see the
advantages of modelling using two stage stochastic programming especially for process and design
of energy systems. As it is required to obtain less expensive decision with some sort of satisfactory
reliability, for instance, design and operation of a power plant with uncertain demenaind

data multiscale energy hub modelling undencertain wind energycapacity expansion with
uncertain fuel price and demand and retrofitting current power system by adding renewable energy
generation units (renewable energy availability is one the most uncertain parameters that is needed
to be modekd). In this research the stochastic programming with recourse is one of the most
essential tools thas usedin this project as can be se@nChapter 3and Chapter 4

As we have seen for the stochastic solution, it was assumed that the uncertaingpdoiioes

some known distribution. Nevertheless, in real life the distribution and the bounds of uncertain
data are unknown, and here the role of data analytics tools becomes more apparent. The recent
advances in data analytics provide very powerful dfidient tools in determining patterns and
discovering interesting structure from real historical datg [demand, solar intensity, natural gas
supply). Therefore, one objective of this research is to use these tools to recognize/learn from
historical incertain data (with unknown distribution) and draw conclusions that can be used as an
input for the optimization framework, that is needed to make high level planning and strategic

decisions.

2.2 Big DataTools

Data Science is the art of mining knowledge ahid/ing conclusions from data. It is an

interdisciplinary field that uses different scientific methods, algorithms and processes to extract
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insightsfrom diverse data sourcf3]. Statistics, data analysis, machine learning and their related
methods are integrated to form tpeneral concept of data sciefg. It employs techniques and
theories drawn from many fields within the context of mathematics, statistics, atfonnscience,

and computer science. Data analysis is the process of applying said data science [@ifjcepts
[22]. The pupose of data analysis is to discover useful information, derive conclusions, and
support decisiomaking processes from dd&2], [23].

The data models that are typical of traditional data analytics are often static and of limited use in
addressindastchangingand unstructured data. The advances in machine learning drive the data
analytics tools to evolve tremendously. Machine learning, which has become a major branch in
computer science and artificial intelliger{@&], [29], is a method of data analysis usedlesign

a model to learn the trends, findings and dependence between attributes and target variables
without programming explicitlyf30]i [32]. With the recent progress of thaternet, smart and
wireless sensors, wireless communications, mobile devices, smart dexdoesnerce, and smart
manufacturing the amount of data gathered and stored has grown exponentially. The need for
auomated methods for data analysis has emerged as a key driver for ifi8ist32]. The goal

of machine learning is to develop methods that can automaticalywithout programming
explicitly) detect patterns in data, and then to use the uncovered patterns to predict future data or
other conclusions of interel80]. Machine learning has recently become one of the most popular
technology, motivated by weflublicized advancements like deep learning and the extensive
commercial interest in big data analyt[@8]. In the last two decades, our lifestyle, the way we
live and do business, has been transformed by generating many petabytes of date,di¢bau
Internet. Currently, machine learning, and big data analytics are playing a significant role in
revolutionizing our society again by translating that data into useful predictions and dd&i8Jons
Recommendation engines, speeck &andwriting recognition systems, content identification,
image classification/retrieval, automatic captioning, spam filters, and demand forecasting are
examples of commercial applications that are based on machine learnibgy atedaanalytics

tools [34]. Recent statical machindearning development enjoys the following attractive
featureq433]:

Q) The ability to extract knowledge from data, whereas traditional methods focus on making

the machine learn.
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(2)  Applying traditional data analysis becosnenpossible when data sets are large and
heterogeneous as it is always characterized by trial and error. However, machine learning is
proposing clever alternatives to analyse huge volumes of data through fast, efficient algorithms
and datadriven modelslso establish data analysis as a theoretical basis in statistics as a discipline
to control errors in inference.

(3) The traditional data analysis tools emphasize the cleanliness of the data to prevent potential
misleading conclusions, whileg dataanalytics can deal with data errors or messiness and use the
massive amount of data to develop models and extract features that are robust to the imperfections.
4) It is datadriven and targetlriven and enjoy new contributions from information industry
sectos.

Generally, machine learning can be categorized as unsupervised learning and supervised leaning
and reinforcement learnirig4].

The supervised or the pretive learning uses given labelled setsand y) of inputoutput pairs

to learn by mapping from inpukto outputs yi(e., predict their relationship Pg)), which used

in the classification an@0], [33]. In other wordssupervisedearningalgorithmuses training data

to learna function (model}Xhat generate theesired outputThe trainingset contains inputs and
correct outputs, which will allow thexodel to measurerrorbetween predictedutputand actual

correct outputThefunction that is used tmeasurehe error is calletbss functiontost function.
Thetask of anysupervisealgorithmis to minimize thecost lossfunctionby adjustingthemodel.
Typically inputobservationgan beeferredasfeaturespredictorsorindependentariables while

the outpubbservation (instancepn be called as responperformancetarget variablesr labels
Examples of regressions methods include, Simple Linear, Generalized LinearLilesti
Regression, Nohinear RegressigrniGaussian Processes Regressmg.(kriging) andSupport

Vector machines§VM) regressionExamples of classification includes Naive Bayes, Decision
Tree, Logistic Regressior§VM and kNearest Neighbour, Bayesian Network and Atrtificial
Neural Networl{ANN) [30],[31].

Unsupervised learning, in which the training data consists of a set of input Yeatdisout any
corresponding targetalues, involveghe analysis of unlabelled datemder assumptions about
structural properties of the da&g.,algebraic, combinatorial, or probabilisti@5]. The goal of
unsupervised learning is to discover patterns (interesting structure) and identify commonalities.

Additionally, unsupervisednethods caibe used tautomaticallydetectoutliers andanomalies in
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datasetsithereforeit can be applied asme-processingte for supervised machine leaning model
development as we will see in Chapter 5. Unsupervisgitiods involve, clustering €., discover

groups of similar patterns), density estimatioa.{determine the distribution of data within the
input/featurespacesuch akerneldensityestimatiorn) and dimensionality space reduction of data
(e.g.,PrincipalComponentAnalysis (PCA))34].

Reinforcement learning is the process of learning how to act or behave when given occasional
rewards or punishment sign§B®]. It can combine the learning and acting phases at the same time
to online learning and provides a sefitimizing featurd33].

The following arethe descriptioa of unsupervised learning algorithm thatelated to the case

study presented i@hapter 3 After that, a backgroundn supervised machine learnimgethod

thatareused in Chaptés is presented.

2.3 UnsupervisedMachineL earning M ethods

2.3.1 K-Means Clustering
The algorithm starts by considering the problem of identifying clusters of data poiats
multidimensional space. Suppose there is a datadset w8 8 ho  consisting of 0
observations of a randodadimensional Euclidean variable(i.e., the distance between pairs of
points in Euclidean spaceg)he objective of this algorithm is to separate the data set into some
numberK of clusters, for a given value Kf Intuitively, a cluster can be defined as a group of data
points whose intepoint distances are small compared with the distances to points outside of the
cluster[30], [31] The K-mears algorithm can be summarized as foll¢84, [36].

1. Randomly choose anitial k centres* F H 8 &

2. For eacfi plthB hy | set the clusted to be the subset of pointsd{whered®is set

of ) datasetds w8 8 fwo )that are closer t§ than they are té forall Q@ "Q
3. For eachG plthB ) , set’ hto be the center of mass of all pointsénd:

_BN (b
S 8

4. Repeat Steps 2 and 3 untilno longer changes.
The K-means algorithm aims to chodSeenters (centroids) that minimize tinertia(see equation

(2.17)) givenan integeib and a set ob data:

INET/Eb CE
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(2.17)

It is standard practice to choose the initial centres uniformly at random from X. However, David
Arthur and Sergei Vassilvitskii in 200[B6] enhanced the -kneans algorithm with a simple
randomized seeding technique for initial centres selection that improves both the speed and the
accuracyof k-means. More details on the enhanceddans (kmears++) algorithm can be found

in [30]. This kmean++ is supported by the Sciletirn library (free software machine learning
library for the Python programming languaf/], [38]). However, the nature of-kears

clustering suffesfrom various drawback86], [37].

2.4 SupervisedMachine Learning Methods

2.4.1 SupervisedMachine Learning Evaluation

As it was mentioned before that supervised learning generally tends tthénctlationship
between set of featuresnd response or target variableBefore presenting how different
supervised machine learning algorithm are working, | will discuss how supervised machine
learning models can be evaluated. The purpose of modeiagiza is to find the best model that
represents the seen (current or training) data and future (unseen) input data well. The model
evaluation helps comparing different modelsd guides the selected model to carry out parameter
tuning, that will result h accurate future predictions. The first concept to understand evaluation is
evaluation metrics. The idea behind a metric is a measure to determine how good the model
predictions actually match the observed dagj. The focus will be on regression metrics since
only regression was used as supervised learning methiodapter 5 In theregression setting,

one of the most used measure (metrics) is the mean squared error (MSE), given by the following
equatiofid1], [39], [40].

(2.18
Where'Qw is the prediction from the machine learning mdogdor the ith observatiorf given
inputw, andw is the actual-th observation of theutputvariable The smaller the MSE value

the better the model performance and the closer the prediction values to the real observed values.
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Another commonly used regression metrics is toefficient of determinationR?). The
coefficient of determination summarizégetexplanatory power of the regression model and is
computed from the sums-squares termas follows:

B ®w Qw
B W W

Y o
(2.19
Wherew -B
Nevertheless, evaluating the model using the training datad@ta used to construct/ build the
model) is not practical. In fact, it is a methodological mistake to use thedsdasetto learn the
parameters of a prediction function (model) and destialuate the model performani@s].
Instead, the emphasis is to examine the prediction model when the model is applied to previously
unseen test dat& model is called good when it can beneralizecbeyond the given data and
have the ability to generateuseful predicting/classifyinfpr futuredunseen datarhereforejt is
common practice when performing a (supervised) machine learning experimeintide the
labelleddata(i.e., features that has a corresponding outpartget$ data set into two subsets: a
training data set andtasting data seflhe training data set will be used to construct the model
Whereaghe testing data set will be used to tést (evaluate, validate) the model.
Overfitting occurswhen the prediction model is not able to be generlizehappensvhen the
prediction modeperformswell (high prediction accuracy/ low error) on the training set, wtsle
performanceon the unseen test data set is poor. On the other hand, undeofitung when the
model is not able to capture the pattern of the itmginlata setSpecifically, when,the model is
not able to achieve a sufficiently low error or hgledictionaccuracy value on the training set.
Different methods that are well establishedn be applied to validate a machine learning model,
overcomelte overfitting issue and achieve good model generalization ability as f¢80yy$31],
[39], [40]:

2.4.1.1 The Validation Set Approach

In this method the available data set is randomly divided into, a training set and $esfirite

testing set is also called the validation set thehold-out set.The model is constructed based on

the training set, and the constructed (fitted) model is utilized to estimate the response for the
observations (output of the observation or target) in the validation set. The resulting validation

metics (e.g.,prediction accuracy or MSE in case of regression) provides an estimate of the test
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error/accuracy rate. Howeverjstnot clear how to divide tHabelleddataset, which may lead to
statistical uncertainty associated with the estimated avedemjeerror of the validation set
approach As the validation estimate of the test error rate can be highly variable, depending on
how the data are divided into training and testj&g], [40].

2.4.1.2 K-fold Cross-Validation
A K-fold crossvalidation provide a solution to the above dilemma. It randomly dividdahleded
dataset into k subsets, called folds that have the sami@8]z&hen, it works as follows:
fori=1toK:

1. Build a model using all data subset bt kth fold

2. Test the model on thetk fold and record the error rate or prediction accuracy

3. | f repdat wkmext k (go tostefdl), else continue to 4.

4. End forand returrthe average of the error rat@saccuracyof for all k-folds obtained in

line 2.

Leaveoneout-crossvalidation is a special case of cragdidation, when the number of folds is
equal to the data set size. At every iteration of the erabdation only one data point is left out
the model construction (training) for testing testing. As we will see in the following sections
that crossvalidation is very useful to find optimal model tunipgrameterghyperparametsy that
result in low bias and variance error.
The main objective of any supervised machine learalggrithm is to best estimate the mapping
function Q) for the outputvariable () giventhe input datac). Supervisedmachine learning
algorithm prediction errocan beclassified into three typesamely bias error, varianceerror,
irreducibleerror, The irreducible error cannot be reduced regardiess well themodel C is
estimated|t is the errothat may be associated with selectingftiaening of the problemor not
including variables that influence the mappfagction (Q [40]. Variancecan be described as the
amount bywhich mapping function will change if different training dataisetised to estimate
ficonstrucdit. It is necessary for a model not to vary too much between training sets (low variance).
However, if a method has high variance, tlsmnall changes in theaining data can result in large
changes in the mapping function (model). On the other hand, bias can be defined as the error that
is raisedwhen oversimplifying the model problem. For instance, approximating an extremely
complex phenomena using much simpler md88]. A mapping function that exhibits low

variance but high bias will underfit the target (response vajiatitele a model with high variance
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and low bias will overfit the target.herefore, a model cdre calledgood when it has theght
good balance of lowbias and variance (without overfitting or underfittingyherefore, it is
important totradeoff between bias and variancgadeoff in model complexity)It is easy to
construct verycomplex model with extremely low bias bughivariance or a very simpiaodel
with very low variance but high bias. Howevtite challenge is to generate a model which is low
in both variance and bias.

The following are the description of supervised machine learning methods usedstutlyis

2.4.2 Ordinary Least Square Linear Regression
Linear regression is one of the simplesms of supervised machine learning methods. It named
linear because tharget (output) value is expected to be a linear combination of the features (input

variables) Mathematically the predicted value of an output can be written as follows:
@ 1 ®p 1 o EEET @f 1 1 Of

(2.20
Wherg is the coefficient of each feature, is the intercept term and is the total number of
featureswy, is the ith observation of-th feature ando is the predictedutput (responselhe
goal of the algorithm is thnd a best fit of the cd&cients { ) by minimizing the residual sum of
squares between the observed targets (actual output) in the dataset, and the targets predicted by the
linear approximationo. The following mathematical problem should be solved to find the vector

1 (coefficients)

(2.22)
Where] s the coefficient of featurjg] is the intercept is total number of training data points.

andw is the actuabutput variableof i-th observationThis costfunction called the residual sum
squares (RSSThere are usually two ways to solve this mathematical problem andl firdse is
to use the sigular value decomposition of 41]. Thesingular value decompositiomorks very

well for of seveal numbef features @ ). Whereas for large number of featur@s (he a gradient
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descent approach scales very i@dl]. However, this simple form of linear regression algorithm
is missing a regularization concept tisah prevent the training from overfitting. Followiage

linear regression methods that include two types of regularization penalties.

2.4.3 RidgeLinear Regression
Ridge regression is very similar to ordinary least squares linear regression, except that the
coefficients are estimated by minimizing a slightly different cost function. In particulandges

regression cost function can be written as foll§42:

(2.22
where_O 0 is a tuning pacompeity parameten\dhere it contralstrea | | e
amount of shrinkageAs it can be seen in the equati@®22), Ridgetrades off two criteria. The
first term of the equatiois theRSS,where,ridge regression search for coefficient estimates that
fit the data well, by making theSSsmall. While the second termB 71 , called a shrinkage
penalty, issmall when coificients { ) are close to zero. The tuning parameterontrols the
relative impact of these two terms on the regression coefficient estimates. On othertheords,
tuning parameter (hyperparameterjletermines how severe the penalty is impo$aa.example,
when_ Ttridge regression will solve an ordinary least square linear regression since the penalty
term has no effect. However, when the value @fcreasesthe impact of the shrinkage penalty
becomegreater,and the regression coefficient estimates will be close to zero. Ridge regression
will generate a different set of coefficient estimates for each valuewflike least square where
one set of coefficient estimates is produced. Therg$alecting a good value foris critical. As
it is worth mentioning that ridge regression uses thadrm penalty. This penalty form makes
ridge suffer fronone obvious disadvantagehe ridgepenalty term will shrinkall the coefficients

towards zerobut it will not set any of them exactly to zero (unless D)

2.4.4 Lasso Linear Regression
Lasso is very similar to the ridge regression, however, instead of usibg tioem penalty it uses

the Li-norm penalty in the cost function as follows:
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(2.23)
Comparing equatiori2.22) to equation(2.23), we see that the lasso and ridge regression are

similar, wherethe only differencés that  in ridgepenaltyis replaced byl in lassopenalty

Li-norm and k- norm of vector are given by the following formula:

(2.24)

(2.25)

Similar to ridge regression, the lasso shrinks the coefficient estimates towards zero. However, in
the case of the lasso, the penalty has the ability to force some of the coefficient estimatas to
exactly equal to zero when the hyperparametsrsufficientlylarge. Therefore, Lasso regression

can also perform as variable selection (feature selection), as it eliminates the irrelevant variables
by setting their coefficients to be zero (1 . It can be said théhe lasso produces sparse models

that involve mly a subset of the variables.

As we have seen in both ridge lasiading thetuning parameter (in both case it is the penalty
parameter) is crucial. Choosing an optimwming parameter can be done using cresalidation.
Crossvalidation provigs a simple framework to deal with this problem. A grid efalues are
generated, and the cregalidation error is computed for each value_ofAfter that, the tuning
parameter value that gives the smallest exadislation error is selected. Finallyne model is re

fit using all the available observations and the selected value of the tuning parameter. This is called
the crossvalidation grid search. If more than one hyperparameters are needed to be tuned, cross
validation can still works, howeverdlprocess might be a time consuming. Therefore, in this study
for tuning Support vector machine (SVM) regresgianametersa Genetic Algorithm was used

to find the model tuning parameters (see following section)

2.4.5 Support Vector Regression
Support vetor machine(SVM) is a type of machindearning technique that is used in

classification, regression and probability density function estim@i®jnIn this study, the focus

23



is on the use dBVM in regressionsincethe objective involvetheprediction of numerical values
SVM is based on the structural risk minimization principle from computational learning theory
[44]. The core of an SVM is a quadratic programming problem, separating support vectors from
the rest of the training dat@he support vector regression structure can be illustrated as a series of
given training datd (x1, y1), (x2, y2),. . , (xn, yn} where xN Rq represent the-dimensional
input samples and ¥ R denote output observations, the linear case regressiolemrehn be
written as follows

Mo 1 ® 1 ® EEEl @ ®© O o

(2.26)

Where] R 87 denotethe regression coefficients adds the bias term. The regression

goal is to fine these unknown through the support vector regression optimization as #Hpws

S o) .
LRI A= 6
(2.27)
Subjected to theonstraints

w 6mO & 7 , h 17
o } (2.28)

w 0o w 1 , h 1 Q
(2.29

whergl denotes the precision threshold, C denotes the regularization parameter (hyperparameter)
and_, w¢& Q denotethe slack variables with nonnegative values to ensure feasible constraints.
The first term inequation(2.27) represents model complexity while the sed term represents

the model accuracy or error toleranGée lineafl -insensitive loss function ignores errors that
are withinj distance of the observed value by treating them as equal torbertnss is measured
based on the distance between observed yaune thé boundary.In other words, samples
whose predictions is at leastfrom the true target are penalized.and, represent the value of
penalizatiorthatis addedo objective depending owhether sample predictions lie above or below
the] tube.The penaltiessmposed on observations that lies out$idebe arecontrolledby the
positive constand. The 0 value determine the traddf between modesmoothnesgflatness)
andminimizationof prediction error, thereforieelps avoiding overfittingTheconstant has an
opposite effect to the regularization peni_lintroduced Rilge and Lasso regression as it controls

the strength of error
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Theformeroptimizationproblemcan be solved easigr its Lagrangiardual formulationSolving
the dual problem providea lowerbound to the solution of the primal (minimization) problem.
The difference between the solution of primal problem and dual problem is calthabtitg gap
However,when the problem is convea&nda constraintqualification condition issatisfied the
optimalsolution of the primaand dual problem is the samia order obtain the dual formulation
of primal function, the nonnegatiteagrangemultipliers U, andU , for eachobservatiort are

introduced. Accordinglythedual optimization problem can be written as follows:

ivé% o O [T B AR
(2.30)
subjected to theonstraints
17 om
(2.31)
m | AR® é6h 1 Q
(2.32

In nonlinear case, the above objective func{equation(2.30)) can be modified by substituting
the dot producf froGvith a kernel function) @

ihA% R N T BV R 31 4 ) (R N S B V|
(2.33)

The theory of Kernel function was develodd@] whichis basically used to transform the input
feature vector to a highemdensional space and can be expressed as follows:

O ofy » 0 O
(2.34)

Wheree is the feature mappinélernel is a function that takes input vectors in original space and
returns the dot product of the vectorstie enlargedfeature spaced kernel is a function that
guantifies the similarity of two observations. Thdvantageof kernelinstead of explitly
applying the transformatiors the enlarged feature space, the dot product calculation take place

at the original input spadee.,one need only compute cwhw forall  distinct pairs i(j) [39].
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The regression function that usedorformnew predictions can be written as follows:
Qo 10 d @

(2.35
This function does not depend on the whole taring data sgétdepends only on the number of
support vectors 0LThen, the regressiaefficienf parameter can be completely described as

a linear combination of the training observations using the following equation:

6 O V1 )
(2.36)
The bias cab be computed as follows:
T 1o dm TR Q@ | 6
® o
AT I 1“0 am ThQ@a | 6
w
(2.37)

Generally, there are several kernels that are used in SVM such as linear, polynomial, Radial Basis
Function (RBF). RBF is one of the most popWarnel that has been applied extensijélg]. In
this study, RBF is sed as the kernel for SVM because ipiactical and relatively easy to tune
The RBF kernel function for two points andw measures the similarity of these points to each
other, RBF kernel can be mathematically represented as follows:

0 who Qwnlr o o

(2.38)

Wherel is a kernel hyperparameter and it is theerse of the standard deviation of the RBF
kernel (Gaussian functipnFromthe former discussionthe understudy SVMegressiommodel

has twohyperparametenseeded to be tundd and| (gamma)

2.4.5.1 Genetic Algorithm for Hyperparameters Tuning

The pptimum numerical values of these two parameters are calculated using Genetics Algorithm
(GA) optimization. GA from itsnetaheuristioptimizationapproactinspired by genetics and the
process of natural ssition introducedby J. Hollandin the 1960s and 197(48]. It is widely used

to find high quality solutions for optimization problem.
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The general idea is to search optimal solution over a population thi@ngiorming population

(set) of individual objects, each with an associated fithess value, into a new generation of the
population using the Darwinian principle of reproduction andsival of the fittest. During the
process of GA several similaperationsto the natural operations such as crossover (sexual
recombination) and mutation is occurrif@g].

The algorithm starts by generating an initial population, where populatiusiss of individuals
(chromosomesin the populationEach individual represents a candidate solution to a given
problem with a unique set of genes. These individuals in theo€asachindeaning can be set as

the tuning hypermeters (potential optimal soluti@my] a single gene can be represented by single
hyperparameterThen, these individuals are evaluated using a fitness function. In case of finding
the optimal hyperparameter of machine learning algorithm using GA, the fitness can be any
performance metricsuch as MSBr coefficient of determinatiorin this case study theross
validationMSE scoreover5-folds is used as the fitness. After tHadsedn the fitness valug¢he

top performing individuals of thesgopuyl atsi drmh e
population (this process called selectidn)this study 50% of the top preforming individual are
selectedThese survived individuals of the population are called parents. Next, mating between
parents in the survived populationliwake a place to produce offspring through undergoing
crossover/recombination and mutation operation. In crossover, the genes (parameters) from the
mating parents are randomly recombined, to produce offspfngssover produces new
individuals (offspmg) thatinherited som@enes of both parer@&Vhile, in the mutation operation,

some genes of the offspring are randomly altered. Mutation is necessary to maintain a genetic
diversity (solution diversity) which withelp protect the loss of some of tiwod solution andvoid

the suboptimal solutions By this a new generation of population is formed, which contains both
survived parents as well as offspring. Keeping survived parents in the new generation will help
retain best fitness individuals ( pasroatiode er s)
worse than the parents0].

This process of keeping survived parents in the new generation is called partieémepia

Finally, the new generation population will replace the old one. This process is repeated until the
stopping criterion is met. In this study the stopping criterion is the predetermined number of

generationskigure2.1shows a schematrepresention of GA steps.
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Figure2.1. Schematiaepresentation of GA process

2.4.6 Artificial Neural Network

Artificial Neural Networks (ANN) were developed as an information processing system that is
inspired by the biological nervous system, where they are capable of learning and processing
complex informatiorf51]. ANN is used as netinear datamodellingthat can learn patterns in the

data, and estimate functions that define the relationship between inputs and [ddipdisere
appears to be little agreement on arralusive definition of an ANN52]. The ANNis a system

that consistof many simple processing elements operating in pardited. network structure,
connection strengths, and the processing performed at computing elements define the network
function. These interconnected processing elements called nodesiran. A node in ANN
computer model resembles the main functional gErgssingle neuron in the nervous systém.

node has multiple inputs and one output. This output may be sent to other multiple nodes or could
be considered as network output (if theuronis located at the output layer of the network), but

the same signas passed to each. Several processtegsare performed within a node. The node
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has a number of inputs ¢ w8 ho represented as vecter® 2 and each input have an
assigned weighd i) 8 h) . Next, all inputs are summed with respect to the assigned weights
B w0 andthebias termc) is added. After that, the summed input is passie®ugh an activation
function "Q(transfer functionjassociated with the nodehich generates the value of an mutt
signal(y). So the output of a neuron can be defined as follows:

O Q w0 ®

(2.39

Variety of activation functions are available ahdve been widely useith numerousANN
applicatiors in different field (seeTable2.3). The output of the activation function may pass to

one or moreneuronsFigure2.2 shows a schematic diagram of a single node.

Weighted sum Activation function Output

(F)—>>

Figure2.2. Schematic representation of a single neuron

2.4.6.1 The FeedForward Neural Networks
A single neuron also called Rerceptron which is basic unit of the neural neurddingle
perceptrons limited only to model simple task (linear modeig)ereas more complex phenomena

such as nonlinear systems are difficult to explain using siRgteepron. Therefore, several

neurons and layers are interconnected to form a network to solve more complex tasks, motivated
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by the nervous system architecture models. The interconnected Perceptron resuilis in
connected feedforward Networks, also called Wti-L ay er Perceptron ( ML F
considered to be the prototypical models for ANN and deep learnings. and consists of networks of
multiple interconnected layers of neurdd8]. To illustrate a fully connected ANN structure, an
example of Thred.ayer Perceptron is shownkigure2.3. Feed forward fully connected networks
are a common structure whech layer is stacked one after anotrea each neuron is connected
to every neuron in their previous lay3]. The network involves three groups of layers: input
layer, one or morentermediatdayers (hidden layers) and an output layiére input layer of the
network is fed with input datgpresentedin the problem(features) denoted here a®

@B D . After that, this data is passed to the neurons in the following layer. These
intermediate layers, which are known beforehand, are often referred as hidden layers, because
neither the inputs nor the outputs of these layers are knbwenfunction of hese intermediate
layer is to learn thbeneficialfeatures contained in the data neededditivessa particular problem.
Each neuron then performs a transformation on its inputs using the node assigned activation

function, and the output of this neuron can be computed as follows:

w Q w 0y ©

(2.40)
Where Qs the activation functiory is the state of thie-th neuron in layet, 0 | is the weight

vector linking the neuronof previous layer with the states of the previous layer, @ , is called

the bias of the neurdkat layerl and0 s the total number of neurons in the previous layer.
Thistype of neural network is called feedforward since computing thessteach layer requires
knowledge of the states of the previous dnehe last layeri(e., output layer), the final answer

to the network problem (in which the network was desidagdis provided which may be a class

label in classification probies or continuous values in general prediction (regression probtem).

is worth mentioning that there are no limits on the number of layers nor number of neurons that a
network can be built of. However, in feéalward networks, there are no interconnacsibetween

neurons at the same layer and thus the data is transmitted only in one forward direction.
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Table2.3. Selected types of commonly used neural networks activation function

Activation
function Mathematical formula Plot
name
Linear |[Qd 4G ® @ ° /
. ) . P e
Sigmoid | "Qw - 04
p Q
. o R ‘Q ‘Q 025
Tanh Qo OATE
o e
Rectified s .
) ] L~ TTQE® TT
Linear Unit | Qo | A @hw WOf B TT .
(ReLU) )

-100 -75 -50 -25 0o 5
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Input Layer Hidden Layer Output Layer
(Features

Figure2.3. Graphical representation ekampleof feedforward fully connectedhreelayer
perceptron

The goal of training an artificial neural network is to find a combination of weights matrices and
bias vectors for the whole netvkathat minimizes the error between the states of its output layer
U URJ B A (predicted output values) and their targets (actual vald@s$. error is
referred as the loss function or the cost functidrerefore, training data must be arrangestich

a way that every combination of input$ias one or several outputalfel9 y that correspontb

them

ANNSs have the ability to simulate complex probleragy(,nonlinearproblems) by employing a
different number of nonlinear activation functionddowever, introducing theseonlinear
activation functions often leads to a roonvex optimization problem for the training process.
Therefore, the solution of the network opization problem cannot be solved explicitly. Hence,
numerical optimization approachese(, commonly gradienbased) are used to train neural
network and the solutions of those approaches (values of weights and biases that best fit a given
task) are notgaranteed to be the global optinié0].

2.4.6.2 Activation Functions
Traditionally, the most commonly used activation functions for neurons are, Isteadard
logistic sigmoid and hyperbolic tangemable2.3 shows theorresponding equation and graphical

representation for the most popular activation functions. The first one is the linear activation
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functions are easy to compute and their training process is simple, however, they are unable to
learn complex nonlinear pattey. The remaining functions are the most popular nonlinear
activation functiondogistic curve or sigmoid and hyperbolic tangent function are commonly used
and they are similaihe sigmoidal function generates asi&ped output between 0 and 1 while
thetanh output alséormsan Sshaped ranges frori to 1 The tanh activation function is more
desirable than the sigmoidal due to the fact that it is-eenterednear zeros it iembles the
identity function (f(x) =x), which can lead to improvements during training). Howeleth
functionssuffer from the problem of vanishimgadient The problenoccurswhen the value of
(input to the activation functiorialls away from the zero poinivherethe functions curvbecomes
increasingly flat (reaching saturatiamd the slop is almost zer@herefore, thegradiens will
becomevanishinglysmallresultingin inhibiting the weight fromupdatingits value

Lately, recent deep learning works have adoptedetigier linear activationelu(x) = max(0,x)

Inspired by biological studig84]. RecentlyRelL U areconsidered to bthe most used activation
function in current neural network applicatioReLUs has several advantages saglllowinga
network to have sparsennectionst(tansferring only important information through the network)
and avoidingthe vanishing gradient problem because of its linear nature for positive x values
(gradient can equal to 1 for all positive values of x and 0 othefdigeAlthough the ReLU
function is not strictly differentiable at x = 0 due to the discontinuity, this eaoviercome by
arbitrarily setting the gradient at this point as either 1, 0, or 0.5.

It is important to mention that any of the activation can be used in any of the layers of the network.
Different activation functions at the output layer implies diffetask.linear activation function

at the output layer should be used.

Many other activation functions have been suggested in literature and successfodyried out

in different application, Basically, many of these functions are derived from sigmoid, hyperbolic

tangent, and ReLU functions.

2.4.6.3 ANN Training Process

The process of selecting the valfeg., weights and biasf a network is referred to as imang

process. The training process is based on an iterative adjustment of the network parameters values
such as to minimize a cdsiss function. ANN was resurrectedn 1986 by the invention of

backpropagatiof56], which is a computational algorithm that can help solve the ANN training
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problem.In feedforward neural netwik, the inputwis passed through the network and undergo
different manipulatiorto produce the outpub This process called forward propagation. On the

other handBack-propagation[56] is an algorithm that allows the information from the cost
function to flow backwarss f r om t he net wor koés out put | ayer
gradientsln detail the gradient of a cost functigioss function)Owi t h r espect to th
internalparameters (the weight matria@sand bias vectorg) usingbackpropagation. The goal

of backpropagation igo compute the gradiennd express the gradient in terro§ network

parameter as follows:

TT()OEFT ’ OFB I OF,FT TOF{IT TO8 TTO

n =00 ,
h 0 T0 TQOT®R T
WhereOis the loss/cost functigre andd are total numbers of weights and bais respectively.

Once these gradients are determined, a numerical optimization algorithm is used to update the
network parameters, where the objective function (cost function) can be defined as the deviation
betwveen predictionsoand desired outputs (actual output or labglsTheselectionof these cost
function is largely relying on the particular tdsen performed by the neural network. An example
of widely used cost function in regression tasks is the N&8E equatiori2.18)) In general, the
gradent of the cost function with respect to such a weight for any type of activation function and
at any node can be expressed using the chain rule of calculus as follows:
TO0 Tw 1T 92_ O
Topr TORTT Q

(2.41)
‘Odenote the cost functioe.g.,mean square error), ang, denote the weight connecting ththi

neuron in layett  pand thek-th neuron in layetx

Similarly, thegradient with respect to a bias at a certearonk can becomputedasfollows:
ToOTwt §'2_ O
Tw Totw! Q

(242
After that, once every gradient is known for a given training iterafinrgptimization algorithm

must be applied to update the parameters of the neural network (weight matrices and bias vectors).
One of the most popular optimization algorithms to train ANN is the steepest descent algorithm.
In simple steepest descent algamttthe parameter update step would be written as follé@js

— - - O0—
(2.43)
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Wheresgs is the learning ratd, is theinternal network parameters which includes the weight
matrices and bias vectors at ththiiteration,n O [ is the gradient of the cost functigloss
function)Owith respect the network internal paramétet i-th iteration In every step of iteration,

not all the available training data wile used to update the network interparametersto avoid

the optimization process from stopping at globally high lcoatima Therefore, it is preferable

to use smaller batches of data to prevent the training from reaching local rfiAjmEhe training
sample used in each batch should be selected randomly, to keep the gradient estimation unbiased.
In this contexthe optimization process become stochaslitcerefore steepest descent becomes
mini-batch stochastic gradient descent, or Stochastic Gradient Descent (SGD) ffz&hort
Generally, the larger the batch size the faster the training prodesssashe smaller the batch

size the slower the training process. Nevertheless, better cost function minima can be aghieved
using smaller batch sizes as it introduces more stacityas$d the training process.

In ANN training, the stopping criteria are usually determined in terms of the number of iterations
(epochs to be performedjhe number of epochs can be defined as number times (iterations) that
the learning algorithm will wrk through the entire available training dataset. While batch size is
number of training samples used train the network before updating the internal model
parameters.

One of the main challenges in using stochastic gradient descent is tuning thegleatai
parameteg. Choosing a too large learning factor, results in larger step parameter corrections along
the error space function that may lead to skip over the optimum (sabdptimal set of weights

and the training process is too fasuostable)while, selecting a small learning factor will result

in very slow convergence speed. SDG hasrsstant learning rate by default, whitight be too
simplistic for many situations, since the cost function is often highly sensitive to chasgesan
directions of the parameter space, and highly insensitive to others.

Recently, a wide range of adaptive learning ratgsrithmhavebeendevelopedindimplemented

to adjust the learning rate during training process. Some of the most popular djgtimesthods

that have been developed to effectively adjust the learning rat€Gewith and without
momentum59] AdaGrad[60], RMSProg61] with and without momentum, and Adgs2].

Adam named after t he whehisoneiothe faspest ANNeoptimigatomnt s 0,
algorithmthatcan achievgoodperformanceesults, while does not requireuchhyperparameter

tuning[62]. Adam is one of the best and most robust ogation algorithms for deep learning and
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its popularity is growing very fasiTherefore this study adopted Adam methad train the
developed ANN inChapter5. Adam employs exponentially moving averages, calculated on the
gradient estimated on a currentmbatch

The mathematical representation of the first moment at-tmgnini-batch iteration can be shown

as follows:
i . 1O
p —
(2.44)
while the second moment candmmputed using the following equation:
‘l ” ‘l p ” Lq_'o
T T
(2.45)

It is suggested that the default parameterswfoandm are 0.9 and 0.999 respectively, and the
default value for the learning rate Jis 0.001.Then,to account foboth momentsnitialization at

zeros, aorrection biasstep is madas follows:

(2.46)

(2.47)
After computing the moment corrections, the parameter (weights and bias) update is calculated

as follows:

(2.48)
Wherg is small constant that is added to prevent division by zero (stability constant usually it is

107). it has been shown that the Adam method performs better than Adagrad and RMSProp

because foits biascorrection stef63].

2.4.7 Example of Applying a Machine Learning Method

This examp demonstratethe applicatiorof supervisednachinelearningin regression task. In
order to do that, firstly a data seasgenerated frona polynomial function(seeequation(2.49))
After that SVM regressiowasused to approximate the polynomial function. The following third
order function is used to generate the data.

WWw W W PO T
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(2.49
Wherew is the feature variable (input data/variabé)dy is the response. The goal is to construct

a "Qmapping function that can approximate this polynomial function. In order to simulate a real
case scenario, a random noise is added to theFigtae 2.4 shows the y(x) functiogurve and
the generated data with noise.

30 4 . = Function (y(x)) without noise
= Data with noise

204

10 A

target, y(x)

—10

—20

—30

—40

o 1 2 3 4 5 6 7
feature, (x)

Figure2.4. Generated data example

Then thecrossvalidationgrid search is used to find the optimal hyperparameters of a model which
results in the mostccurate predictiarAsit was mentioned th&VM regression with radial based
function kernelhas two parameters tane However, in this exampldo keep theliustration
simplg the gamma valuavassetto its default value and only value is adjusted is a SVM
regularization parameter that controls the tradeoff between the achieving a low bias and variance
error. A set of values o at{0.00], 0.1, 1, 10, 100,1000,10000,10000¢ was generated and
evaluated through crosalidationstrategywith 5 folds Figure2.5 below shows the variation of
crossvalidationscore (mean of Rvalue for all folds), and cross training score as funatibé

value As it can be depicted in this figure when the valué isfsmall bottrcrossvalidationscore

and training scores are low (higlag, which means that the model is so simple thanhotexplain

the data trend (underfitting). On the other hand, at very high valoietbé training score is high
while the crossvalidation score is low, that implies that modebverfitting the target. Moreover,

at this highd value we can say théte bias is low while the variance is high. At midrang® of
value, it is clear that both training acdossvalidation scores are highi.é., low bias and low
variance), where tadeoff between bias and variance is achieved (model is not overfittittuer

underfittingthe predictios).
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Figure2.5. The variation of training score and validation score as a function of

After that,three values ob areused to train the SVM model using the same set of data to see
effect of6 value on theestimatednodelcurve The three values used ar@.01, 44.7 and 5x19

and the model curves are showin Figure2.6. As it can be shown from the figure that when the
value of0 is low, the model fails to capture the data trend. On the other hand, when large value of
0 wasused, the model tries to followe exhibited noises of the data and therefore, it overfits the
target variable. We can see that at optimal valug, dhe model follows the actual trend of the

data (the model captures the actual desponse variabMithout the data noises)

—— Actual data with noise
= Using low C-value
— Using optimal C-value
= = Using high C-value
= = Actual data trend

301

Target (y)

~30

Feature (x)

Figure2.6. Comparison of model curves using different valofed
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2.5 General Literature Review

This section presents a general review of recent literature on the topic-dfislataoptimization

in recentyears. More specific literature revievor each chapter will be presentmabsequently in

this dissertation.

Regarding dealing with uncertainties in optimization problems using the recent advances of big
data tools€.g.,machine learningkeveral studiehave been reported in the literature. For example
robust optimizationusing machine learning fancertaintysets was developed Bylabandhula

et.al. [64]. Several studiswereconducted by Chao Ning and Fengqgi Y66]i [69], to address

this issue. However, most of these studies were based on robust optimization approaches and were
not applicable for power generation planning under intermittent renewable energy resources. A
veryrecent review papetated thatheliterature lacks studies on implementmgchine learning
algorithms into the planningpodelg[70] .

Many research studies have been dedicated to study the optimal planning and scheduling of energy
hub systems from different perspectgeich ag71]i [76], however these studies did not consider
employing effective size reduction tool to reduce the size of the stochastic multiscale energy hub
system that satisfies multipgmergy carrier demands.§, heat and power)

The first reported work using surrogate models in chemical flowsheets in the literature is by Palmer
and Realf[77], where polynomial and kriging models wespplied as approximation in
optimization of flow sheet7]. Jinet al., [78] investigated the advantages and disadvantages of
Polynomial, Kriging, Multivariate adaptive Regression Splines (MARS) and Radial Basis
Functons. In 2002, Hetzel upgraded an established refingatg optimization that had been
developed by Li [38] by replacing some the detailed unit models equality constraints with
surrogate model79]. In 2011, a superstructubmsed strategy framework was proposed, where
complex unit models are replaced with surrogate models built from data generated via commercial
process simulatordly Henao and Maravelig8]. Annaet. al., [80] studied the pressure swing
adsorption for the separation ob/8Hs in a bed packed with silicalite. using an ANN as a
surrogate.

Qin[13], in his review paper revealed the importance of recent developments in machine learning
and he highlighted that there is a gap in process system engineering and room forenebre us
machine learning algorithms. For example, at the migaeel of production planning and
scheduling, industry had accounted for the typical uncertagngy,product demand and price) by
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using simple probability distributions and tirseries analysis. However, the application and

practice of data analytica process system engineering can be dramatically improved by relating

them to the recent developments in data minieg, (nachine learning anig dataanalytics)13]

Accordingly,in this work, we will take advantage of the recatancements in big data tools by

strategically utilizing them to be integrated with process industry and energy infrastructure

decision making framewosk This approach (datdriven optimization) will be useful in reducing

computational time, increasirftexibility, and maximizing the utilization of available real data.

From the literature review of previous dabdaven optimization studies, the following research

gaps can be recognized and willdgeresgdin this project.

T

T

T

Although some studies havedmeconducted on datiiven optimization under uncertainty,

this problem is still insufficiently explored. There is room to apply machine learning methods
to further incorporate uncertain data that will emerge from the development of new energy
systems wtah integrate renewable energyd.,wind and solar). These renewable energies are
more challenging to be modelled within the power planning optimization framedwekio

their high level of intermittency and uncertainty. The current advances of bigiaddsa
represent a promising solution to extract useful information from these renewable energies and
integrate that into the power planning models.

A knowledge gap exists in developing a stochastic optimizdtaoneworkfor energy hub
systems which comphensively takes into account the design and operation (multiscale)
decisions, energy storage system, uncertainties of distributed energy resowuhezkiction

of large size multiple attributes demand datherefore, research presented in Chapter 4 is
conducted taddressthese gaps.

As it can be concluded from the previous literature on-daten surrogate models review,
most of these studies used commercial software simulation data to train their model or small
size of plant dataAdditionally, manyof these studies did not perforpnocess optimization
using the developed surrogate modeéltsereforethis study showcases a comprehensive-data
driven surrogatéased optimizatioframework that is based @ctualplant dataln this study,
surrogatemocel developments involve data cleaning, machine learning model construction,
optimization and validationAlso, it proposed a unique surrogditesed optimization
framework that integrate dataiven modeli.e., surrogateyithin optimizationmodelsat two

elements, objective function and constraints.
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Chapter 3 Machine Learning Framework for the Formulation
of Efficient Scenarios for Stochastid®>rogramming: Application
to Power Generation Planning Under Demand and Wind Data

Uncertainties

3.1 Introduction

Determinstic process design and operation models can help ensure an optimal solution for certain
process parameters.§.,demand, fuel price) where it satisfies the constraints associated with that
parameteri(e., product should be greater than or equal to dehaAs most realife problems

involve some sort of uncertainiyhich are hard to predif81], deterministic models are incapable

of resolving them. There exist a considerable number of studiesifrdustry and academia on
optimization under uncertaiff82]i [84]. However, these approaches do not take advantage of the
recent advances in machine learning and big data analytics to leverage uncertainty data for
optimization under uncertaintyraditional models of decisiemaking under uncertainty assume
perfect informationwhich means either accurate values for the system parameters or specific
probability distributions for the random variables. Nevertheless, such exact knowledge is rarely
available, prior knowledge on uncertain parameter distribution is unknown and fitting random
variables (uncertain parameter) into a popular distribution is complicated and imprggitical
Furthermore, it is mathematically intractable to deal with erroneous inputs (all sets of uncertain
data) and this could lead to infeasible solutions or exhibit poor performance when imgléme

[3]. Therefore, in thishaptea datadriven stochastic approach for power genergtianningand
schedulingthat can efficiently utilize the available historical demand daiz wind speed data
through advances of data analytics tools such-mg&ns clustering (a machine learningl}tas
proposed In other words, goal is toegerate reduced size scenarios that are efficient in
representing the wide spectrum of most probableertainscenarios and lead to an inexpensive
computational problenBy doing this, datalriven power plannig decisionsare madeagainst
uncertainty realizatiant is worth mentioning that the proposed clustering approach to generate
stochastic scenarios is general and can be applicable to different planning models where

uncertainties may emerge.
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In this study powerplanning models formulated in such a way that its design and operational
decisions can be determined. The main objective of this chapter is to formulate and solve the
mathematical problem of the design and operation for a pgemgratiorplant ntegratedwith

wind energy. The model is expected to incorporate design and operational decision based on
uncertain electricity load and varying wind speddissupervised machine learning algorithm (k
means clustering) is employed to generate uncertapetyasios from the historical weather and
demand data. Accordingly, reduced size uncertainty scenarios, that feature underlying patterns
from uncertain parameters, are generated. These scenarios are used as inputs to the stochastic
power planning model wherthe proposed model is formulated as a mixed integer linear
programming (MILP).The UC problem can be defined as finding the optimal scheduling of
electric power generating units over a sHertn periodli.e.,typically from 24hours to one week,

in order to minimize the operations costs. The unit commitment optimal solution must obey the
technical constraints and must satisfy the demand. The design and operation of th@gowey
modelintegrated with the wind energy modaihcbe divided into two phases, namely deterministic

and stochastic with recourse formulation. In the deterministic model the hourly expected values
(i.e., means) over one year for one day of the uncertain parameters (electricity demand and wind
speedareused as inputs. The deterministic modedolved for a on@lay time horizon, as wind

speed and electricity demaackassumed to be certain. We have only one day profiles for demand
and wind speed that represent the entire previous year/ ¢gatse otler hand,m the stochastic
approach, the problersformulated as two stage stochastic programming. The first stage variables
are associated with powegenerationdesign decision, whereas the second stage variables are
associated with unit commitment opéoa (i.e., scheduling). The uncertain parameters. (
electricity demand and wind speeate processed and recognized using unsupervised machine
learning. Different scenaricare generated for this uncertain parameter. Clustering algoighm

used to poduce uncertain parameters profiles.(each scenario corresponds to the profile of
wind speed or electricity demand for 1 day, in other words each scenario is a vector with 24
dimensions and each cluster is associated with a certain occurrence/fggbdbifferent
scenariofreused as inputs to the stochastic model. The time horizon for the stochastiasmodel
also one day, however, thaaemany scenarios for this day at each heug.(the wind power at

hour 2 of the day is different depending the scenario/profile). Clustering strategy have proven

their ability to aggregate cyclic data based on the concept of cyclic schedagngléctricity
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demand follows daily cycle). is used extensively in process systdftq, [86]. Cyclic scheduling
requires certain demands to be processed over certain time periods repeatedly within the time
horizon. However, these aggregated cyclic results, to our knowledge have only been incorporated
in deterministic modelling which worlanly under certain information. Clustering technique was

not widely used to reduce the size of the uncertain dtatather words, these previous studies
tackle another aspect of size reduction problEhey dedt with the problem associated with the
integration of multiscale modelling as wile presenteth the next chapteherefore, applying
clustering algorithms to extract patterns from uncertain data and use its output to be fed into a
stochastic optimizatio formulation is an interesting research area and more exploration on this

approach can be performed.

This stochastic model has two level decisiares,(operational and design) whose objective is to
minimize the capital and operating cost. The capiatcorrespond to the number of generator
units needed to be installed and the number of wind turbines, while the operating costs are
associated with the amount of power generated by these units while meeting electricity demands.
There are several matheteal models for the unit commitment problem available in the literature
[87]. In this study, we adoptd88] the UC model formulation as the basis for our formulations of
powerplanningmodel. The model is formulated as a mixed integer linear programming (MILP).
The following sections present the model formulations and relatesidepation.

Therest of this chaptas organized as follows: Secti@2describes thdeterministidormulation

of the power planning modefection3.3 presents the stochastiatadriven power generation
planning modeformulation It also includes tl generation ofincertainscenariogrom historical
data.Resultsof bothformulationsare discussedection3.4 showsthe application of the proposed
approach applied to another typé stochastigpower generatiomplanning model Section3.5

presents concluding remarks.

3.2 Deterministic Design and Operation Formulation ofPower Generation
Model

Consider a set ofthermal and wind turbine units to be scheduled over a time horiZzbime goal
is to minimize the overall costé€., capital and opmting). This goal can be achieved by optimally

determining the number of power generation units (both thermal and wind) and scheduling the

thermal(conventionalgenerating units. The mathematical programming framework esthate
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these optimalsolutions are meeting the electricity demands and operatingt hi n t he
capacitiesi(e., technical constrains). The problem is solved for 10 thermad and 24 hous.

The objective function irquation(3.1), represents the net present cost, including capital cost of
the power units and their operating cost. In this study, the operating cost covers fuel consumption
calculated by a linear functionith fixed charges, and fixed starp and shutlown costs. Net
present cost is the sum of the discounted values of all the cost cash flow at the present. Assume
the annual discount rate for the calculation is r and the system life span is L yearsl As fue
consumption considered to be the costliest component of operating expenditure in power
generation, then the expected net cost value of the project over the systeparifean be

minimized as:

Fe Z ~ 173 ’ [ 6 © J N ol ol
Il EI w0 w 0 e 00 ONp Wy Wy
p 1 §
R
(3.2)
@ the integer design decision variable for number of wind turbine;
() the binary decesion variable for installing or not installing the conventional power
unit [;
O the binary operational/scheduling decision variable representing the on/off status
of unit i at period t;
o startup cost variable of unitin periodt;
or, shutdown cost variable of unitin periodt;
N power output variable of unitin periodt;
o M coefficients of the fuel cost function of unjtheir values arksted inTable3.1
0 the capital cost afgenerating uni(seeTable3.1)
0 the capital cost of one wind turbine (Sesble3.1)
B —— coefficientto convert the daily operating cost into peesentvalue, where)

denotesnumber of days per year (38@ys/year),0 represents the life time.€., system life

span and it was assumed to be 25 years) of the generating unitsdanaotes the discount rate
(12%) In this study, we assumed that all generating unit are powered by coal and the operating

cost for wind turbines are negligible compared to power generating unit operating cost.
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Table3.1. Data for the thermal generating ufdg]

Unit P~ PY A B TU TD Hsc Csc Teod TN RD RU

MW MW $h $MWh h h $h $h h h wa MW/h
1 150 455 960.61 16.479 8 8 4500 9000 5 8 91 91
2 150 455 94456 17.447 8 8 5000 10000 5 8 91 91
3 20 130 69113 169 5 5 550 1100 4 -5 26 26
4 20 130 670.65 16817 5 5 560 1120 4 -5 26 26
5 25 162 423.06 20447 6 6 900 1800 4 -6 324 324
6 20 80 355.05 22972 3 3 170 340 2 -3 16 16
7 25 85 47793 27827 3 3 260 520 2 -3 17 17
8 10 55 65649 2618 1 1 30 60 0o -1 11 11
9 10 55 66311 27414 1 1 30 60 o -1 11 11
10 10 55 66853 27902 1 1 30 60 o -1 11 11

Minimum andmaximumpower generation

To ensure that the power produced by unit i at time t is withiptveergeneration limits of that

unit. (.e.,upper limitd and lower limitd ). The values of the upper and lower power generating

limits are shown imable3.1. These constraints fix units ava

(6 ™ and specify the lower and upper bounds of utagsacity when units are activé (

p).

Electricity demand and reserve

Electricity demand should be satisfied at any t time by Equation 3.4. In this deterministic case, the
averageprofile of Ontario demand for 2@lwas used. It was assumed that we want to satisfy a
portion of Of(neatrwascasssme thadmaf ol Ontario demand in 20189]

will be satisfied.

A h o5 O o pfts &Y
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(3.3)
Equation(3.4) guarantees spinning reserve by the available capacity of the active units, Where,

represents the reserve requiremesgsnningreservei(e.,spinning means active units that already
connected to the grid) means that from the pool of available capacity, a portion is selected for a
backup role. It is assumed that the spinning reserve requirement to be met is set at 10% of the

load demand for e time period.

0 65 O Y o0 pMB &Y

(3.9

Minimum up and down time of thermal generating units
Once a decision has bearadeto turn aconventionalpowergenerating unibn or off, it must
remain in that state for a minimum amount of tintegquations(3.5)-(3.6) determine the
online/offline status of unit i in its earliest periods of operation which arefigaeby its initial
status Y )and its minimum up’ Yy and down{Y'Q times.."Y denotes the number of periods
that unit i has been initially offlinéY < 0) or online(Y > 0) .The following constrains ensure
thatwhen the simulation is started if unit i is offline fof , it will continue to be offline until it

satisfies its minimum down requiremeiY’O and vice versa for the online unit.

6n P @Y mo ph Y'Y Y
(3.5)
Op T | Y mo ph YO 7Y
(3.6)
Equationq3.7) and(3.8) are expressing the constraints on minimum uptime and downtime unit
as follows
0p Oj O Q pB OO c¢BHAYNQ pBh'YY p
(3.7)
O Op O Q pB RO ¢BHANQ pBh™NO p
(3.8)
In the first time periogdquationg(3.7) and(3.8) arereducel to respectively.
6r Of Y 1 Q pB HOQ pB hTYY p
(3.9)
OF OF Y m'Q pBHOQ pBh™YO p
(3.10

Unit ramp rates
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Thermal generating units are limited with respect to how quickly they can change their power

out put

and al so

t hi's

| i MTYtamgup ratén@ammdoven sate a

"O shutdown ramp rate aritfY is startup ramp rate geunit of time periodl The rampup and

uni t

rampdown rates of each unit are set to be at 20% of the unit maximum power output per time

period. Whereas the starp and shutdown ramp rates of each unit are chosen to be at its maximum

generation outpuf90], [91]. The ramp rate limits of unit at time period t are modelled by

equationg3.11) and(3.12):
N e Y5
Nk Np YQr OYp

YYp of

(O

Q pB RO cBhRY
(3.11)
"Q pB DD ¢ RY
(3.12)

The costs involved in turning on and off generating units are essential and considered to be an

important element of the operation cost of power thermal unit. In this study, it is assumed that

there are two fixed stattp costs per unit (hot start and cold§talepend on the time periods that

the unit was off The stattp cost function is defined as a hot start cast

O Y

) and a cold start costo;

6 i

"Oio if downtime

otherwise. Wheréi®, 6  and"Y  are

parameters that represent the hot start cost of ,uhi¢ cold start cost of unitand the cold start

hour of uniti, respectivelylt was assumed that there was no cost associated with shutting down

the units(cy =0) The vales of these parameters are reportedable 3.1. This startup cost

function can be modelled guationg3.13) - (3.17):

G

Oid oy

£
¢
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(3.17)

Design constraints
The following constraintequationg3.18) and(3.19) ensureto install the requireé thermal unit
w denotes a binary decision variable to determine whether simituld be installed or not.
0 "Q pB DY c¢BRY
(3.18)
@ O "Q pMB HO

(3.19
Equation(3.20) relates the total power produced from all wind turbirtes ( ) with number of
wind turbine neededs{ ) and the power produced per single wind turblife (; for each
time period.

n f W ULV o0 pMBRY

(3.20)

The power delivered by windingle turbineto the electricity grid can be calculated using the

following (3.21) [92]:

5z b4 ”

C

(@)

|

C

(@)

|

o g 2«

C

C

(3.22)
Where0d®  denoteshe electrical power generated by one wind turbine in Wat.the actual

wind speed in (m/s)) represents the cim-speedthe minimum wind speed at which the turbine
blades overcome friction and begin to tetéypically it is 3.5 m/s)Cut-out-speed: it is a wind
speed where braking system is employed to bring the rotor to a standstill to prevent the wind
turbine from damageRated output wind spee@ ), for this speed and above, the wind
generator is limited to its maximum design output power the wind generator efficiencyhe

rotor swept area and the air density are representédamg”  respectivelyd describes the
fraction of the power in the wind that may be conwtig the turbine into mechanical work. The
maximum achievable value @ is 16/27.An industrial wind turbineVestas V94.8, was
selected in this study for power production from wind. The specification of this wind turbine can
be found in[93]. The power output of this wind turbine as a function of wind speed is illustrated

in Figure3.1.
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Figure3.1. Vestas V9.8 wind turbine power output as a function of wind speed.

Variable specification

Finally, thespecification on the variables is as follows
6p N mip  Q pMB AD ptB RY

After that, these equations are solved, and results obtained are shown in the next section.

@ N Tip

"Q pFB
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nwe Ve 0 QQQI

o pBHRY

(3.22)
(3.23

(3.24)

(3.25)

3.2.1 Results and Discussions of the Deterministic Pow&eneration Planning Model

Average wind speed and electrical demand profiles that are used to solve this prebéown

in Figure3.2 andFigure3.3.The data for the 2Qnit system and wind turbine needed to solve this

model are provided ifiables Table3.1 andTable3.2)
Table3.2. Wind turbine and therm#gtonventional) generatingnit capital cost and carbon

emissions factors

Thermal Unit

Single wind turbine

Carbon emission factg

820 (gCO2eq/kWh94]

15(gCO2eq/kWh)[94]

Capital cost

3,246 $/KW[95]

1.75million $ [61]
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This deterministic modedquations(3.1)-(3.25) wasimplemented in GAMY15].The model is

solved using the MILP (Mixed Integé&tinear Programming) solver CPLEX which is based on the
branch and cut algorithf®6]. The MILP problem contains 251 discrete variables (250 are binary
and 1 is integer) and 758 continuous variables. The number of constvagt847. The GAMS
program executes successfully in 0.2 seconds on an Intel Core i7 commodity personal computer.
Design decision results and the value of the objective function are prawidatle3.3. It shows

that the number of generating unit that are needed to be installed along with their capacity. The
optimal productioni(e., generation) schedule for the units that have been selected are shown in
Figure3.4. Moreover, the total power produced by all generating unit and the average demand, are
plotted as a function of tima Figure3.5. As it can be noticed from this figure that the simulation

the demand is exactly matched with the power supplied from generating units

6
=51
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=
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1 35 7 9111315171921 23 135 7 911131517192123
Figure3.2. Average demand profile Figure3.3. Average wind speed profile

Table3.3. Objective function and design decision restotsthe deterministic formulation

Number of generatingunits Capacity (MW)
2 455
1 130
1 162
1 80
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Total thermal generating units

5 with total capacity 0827 (MW)

Number wind turbine

0

Objective function (net present cost)

Total cost: 5.56dillion $

Capital: 4.161 billion$
Operating: 1.402billion$
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Figure3.4. Power output results for units in each tit Figure3.5. Energy scheduling results for all uni

Environmental Considerations

in each time

As it can be seen from that according to the current parameter, the optimization program decided

not to have wind turbines installed. This is because renewable enegyal/unore expensive

than the traditional fossil fuel. However, renewable energy resources are clean alterniatbass to

fuel, and it has beewidely integrated with current power systems to mitigate GramseGas

emissionsi(e., CO, CHs, andNOy). It is also clear that the essence of this study detign a

system that carmntegraterenewableenergy represented by wirab into conventionalpower

generéion plants Therefore, in order to force the optimization program to have some wind turbine,

CO, emission constraigtis introduced and imposed to the mathematical model as sihown

equation(3.26).

Ooa 0 0
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WhereO adenote the total mass of @@missions from the power systéms the emission factor

of thermal unit i, (kgCO2eq./MWh), the emission factassociated witkvind turbine, (kgCO»
eg./MWh)(seeTable3.2)| is the limits that enforce on the @@missions. A sensitivity analysis

on( ,to check validity of our mathematical problem and see if the optimization will force to
install some wind turbiness conductedFigure 3.6 shows the change of tipeesent cost and the
number of wind turbine needed to be installed as a function efe@@ssion |( . As it can be
noticed that there are upper and lower limits for. The upper limits occur at the lowest net
present cost. This happens when the emmssimstraint is not active (same solutiornrable3.3)

and the number of wind turbines needed are zero. After that, when the valudeafeases the
objective function (net present cost) increases and at the same time, the optimization program
forces the installation of wind turbines. The greater theatemiuin the amount of C£emissions,

the higher the number of wind turbines that are decided to be installed and at the more expensive
objective function. It is worth noticing that there is a lower limit on the valug ofvhere if we
reduceit, there s no feasible solution. This is the minimum value of emission value that can be
obtained for current problem conditioms this study, it was proposed to reduce the €@ission

| by 20% from its upper limit (the GGt the lowest cost when no enviroemtal regulation is

considered)
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Figure3.6. The effect ofCO, emissionn the objective function (blue line) and number of wind
turbine needed to be installed (red line)
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3.3 Stochastic DataDriven Design and Operation of PoweiGeneration

Planning model

3.3.1 Stochastic Model Formulation

This section discusses the model for the sisetib problem for the design and operation pbaer
generation planinder uncertain demand and wind speeds. The mathematicalistodedulated

as atwo stagestochastic with recourse, where the fstdge decisions decide the existence of the
thermalgenerating unit and wind turbine while the secstabe decisions plan the operation of
the systemi(e., power scheduling). One main difference of stochgstiwer planning model
compared to the deterministic one, is that the optimal power schedulifg chfferent for each
different realization of the uncertainty (in each different clusters of demand or wind speed) in the
system. Thetwo stage stochastic recourse formulation is basicabylevel optimization
formulation whose inner optimization probis mimic the second stagelanning process. As
mentioned before (Model with Recourse sectif.4), due to special structuréwo stage
stochastic programs can be naturally reformulated into an equivalent-lewmglleoptimization
problem. Therefore, the singlevel optimization formulation ofwo stagerecourse of power
generation modeadan be directly written as follows:

Objective Funtion

The objective functiorfequatiori3.27)), represents the net present cost of the stochastic power
generationplanningmodel The second part of the equatidanotes the annual net cost from
operating thegeneration planning modé€i.e., basically fuel consumption because of power

generation)which depends on the scenario of uncertainty realizatigith probability0 i ¢:

i ET w6 w 6

C
&2
o
o
5%
¢
o
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5¢
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e
5¢
5¢
e
5¢
5¢
®)
=

hh

(3.27)

The remaining equations are almost the same as the deterministic one, except the newisubscript

=
=

where the new subscript ph8 "Y is used in the stochastic model for all the variables and
parameters whose values may be differemaichstochastic sewrioi (the uppercase s denotes

the total number of scenarios).
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Minimum and maximum Power generation

6 k0 Nip  OrRp0 I 0 pMBHNRQ pt8 &@] pfB RY
(3.28
Electricity demand and reserve
Nie N ri On o pMBE&Yi pf8HY
(3.29
0 65 ©Of 'Yp o pB&Ni pBRY
(3.30
Minimum up and down time of thermal generating units
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Unit ramp rates
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Startup and shutlown unit costs
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(3.42)
N R @ 07 g o0 pBHNM pfBRY
(3.42)

3.3.2 Data-Driven Uncertainty Scenario Construction Using Clustering

In this section, a method on how to generate scenarfmesentedrom the given historical date
(uncertain parameterusing clustering algorithm. These scenarios with its corresponding
occurrence can be used as inputs patamfor the stochastic model. This method begins by
collecting historical data of the attribute or uncertain parameter under study (in this study it was
wind speed and electrical demanBdllowing which, the raw input data must be-precessed

into theright format. The raw data tirreries ie., electricity demanénd wind speédare first
processed (arranged) into the candidate periods (considered to-tay36fer tyear, with each

day consisting of 24 hours). This reordering process is showreimatrixpresented irFigure

3.7, in which the number of columns is defined by the multiple of the number of time s&eps (

24 hour) and number forows corresponding to the number of periods. (365-days). A single

row represents a candidate periad.(one day). Raw data dioth electricity demandand wind
speedarefirst restructurednto new matrix where the number of rows represent the number of
days in one yeai.€., 365 days) and the number of columns represent the number of hours in one
day (.e.,24 hours).

As it can be noticed in the demand dday(re 3.8) there are somsort of repeating pattern in

daily basiswhile for wind data a greater degreewfpredictabilitycan be seem Figure 3.9.
However, the purpose of this case study is to design and have some insight on the uncertain
parameters to optimally plan for future operation which will be based on the most probabl
behaviour. Therefore, clustering would be good also for data that experience some sort of
randomness because it can present dense data centroids (representative points / trend) that most
likely canhappenras it can be seen Figures Figure3.10andFigure3.11).

The benefit of usig this method is that, instead of using the whole set of data only the centroids
(i.e., centres of each cluster) of each uncertain parameter will be used. These centroids can
represent the whole set of data. Based on the matrix introducemjure 3.7, k-mean[37]
clustering algorithm was applied to group the independent candidate pesgeésch row/day of

the processed data ma&jrinto clustes. Accordingly, representative periods are derived. Each
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cluster/group of each uncertain parameter is represented by a representativei.profileve).

These representative profiles are the centres of each clusterkéearsClusterng (2.3.1) Each
uncertain parametee (.,demand, wind speed, solar intensity, fuel supply) will be represented by
several clustersand each cluster corresponding to one scenario with a certain probability of
occurrence. The probability of occurrenceresponds to the weight of each clustggure3.12

shows the process of scenario construction for stochastic optimization using clustering machine
learning algorithm. In order to determine the most applicable cluster number needed to divide ea
set of datai(e., attribute) the kmean clustering algorithm was applied to the two set of processed
data {.e., electricity demand and wind speed) using different number of clusters.

The clustering algorithm wasppliedto each attribute (wind speeahd electricity demand) using

a different number of clusters. Figurdsgure 3.13-Figure 3.16) show the error average and
standard deviation as function of the cluster number for both electricity demand and wind speed.
The following relative error functioneuatiorf3.43)) was employedas a validationmetric
between the representative cluster profile (centre) and the actual processee.datandidate

period or row/day) which correspond to that cluster.

0ap NI Oa @O Qi
Ql 1 P Zp Tl

nowli wa o Ql

3.43
Where0O d, is the cluster curveat hourh. An ideal cluster would have a minimum erfor a\)/erage
with a minimum standard deviation. The error and standard deviation average in clustering appears
to drop as the number of clusters increases until they reach a certain value and after that it starts to
oxillate as it can be seentinesefigures. This reveals that there is some sort of optimal number
of representative curvesd., cluster) for each data seie(, wind speed or electricity demand).
Therefore, the number of cluster(, cluster centreand its corresponding weight/ probability)
with the minimum error average were selected as scenarios that represent the uncertain parameter
of the stochastic powegeneratiormodel Figure3.10andFigure3.11show actual data and cluster
centres used as representatives of these data for both electricity demand and wind speed
respedtely. As it can be noticed ithese figuresclustered results are in good agreement with
demand data, however, for wind speed data, we can say it mostly follows the trend and the centres
arelocated around the moptobable occurring wind speed data. It is worth noting that the error
associated with wind speed is higher as they are more randomized and there is no clear pattern for

their distribution.

56



As it can be seen frofigures Figure3.13 - Figure3.16) that the minimum error happens when

the number of clstersis 9 for electricity and 5 for wind speeligure3.17 andFigure3.18 show

the clustering results that will be used floe stochastigpower planning modeBy comparing the
demand clustering profiles with its actual daily profile, we can say that the clustering results are
following the actual demand profile. On the other hamel,can see that for wind there are five
possibletrends based on the most probable occurrence of windldetdraditional approach used

by power system modeler to representyeedr power demandataby 8 curves which comprise of
weekday and weekend denubfor the four seasons throughout the ykathis study it was found

out that 9 clusters can sufficiently represent the electrical demand which is in good agreement with
common practice.

In this study, each scenario is represented by a combinatiomecfloster that repressmnwind

speed and another that represents electricity demand. All scenarios are formed by all possible
combinations of both uncertain parameters. Therefore, if we found that 5 clusters can represent
wind data and 9 clusters are eghuo represent electricity demand, the total number of scenarios
will be 45. Similarly, the probability of each scenario is calculated by multiplying the weight of
the cluster geeK-mean clustering, section 2.3 f each uncertain parameter with eatheo

(i.e., electricity demand and wind speed) that form this scenario. By this way, we are imposing
that both uncertainties are independent of each other. Previous dqRitliessed clustering
representative curves and combine more than one attribute in one cluster, which make attributes
dependent on each other. By this methim@occurrence of any attributeimglependent of others

These previous studies tackle another aspesizef reductionThey focused onhe problers
associatedvith the integration of multiscale modellirag will be discussed ithe next chapter.

However, this chapteroncentratedn dealingwith data from thgerspectivef uncertainty
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Figure3.7. Process of rearranging the dimension of wind speed and electric demand
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Figure3.9. Wind speed profile for selected
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3.3.3 Comparison Between Stochastic and Deterministic Results When Thedgre No

Environmental Considerations

It was discussed in the previous section that 9 clustetssgenarios) were chosen to represent

the uncertain demandérigure3.17) and 5 clusters were chosen to represent the daily wind speed
behaviour Figure3.18). Accordingly, the total number of scenarios for the stochastic model were
45 (.e.,9 x 5). This stochastic modedduationq3.27)-(3.42) was implemented in GAMEL5].

The model was solved using the MILP solver CPLEKe stochastic problem ctamns 10811
discrete variables (10810 are binary and 1 is integer) and 2868huous variable'he GAMS
program executed successfully in 145.687 seconds.

Table 3.4 shows the design results and the objective function values of three different cases,
namely, deterministic, stochastic and the woeste scenario. The worstise scenario was
generated by assuming that ther@sno wind and tackling the maximum representative demand
day for the whole year (extreme demand). It was calculated by taking the maximum demand value
of each columnife.,each time step; hour) of the processed mafigure3.7) for the whole period

(365 days).

As it can be noticed ifiable3.4 that deterministic approach gives tfbevest expensive solution
whereas, the worstase is the most expensive. However, the deterministic approach has the lowest
reliability because it was designed for certain paramegegs,demand) which made ilhcapable

of resolving most reatase scenar problems.The stochastic approach is more expensive than the
deterministic because there is a price for the uncertainty. The stochastic approach is designed for
the most likely scenarios while the wocstse is designed for the extreme demand whiclyrare
occurs. The development of the system under the wwass# scenario will cause the system to be
overdesigned and therefore, the full capacity of the power generation will not be of use or rarely
used.

Table 3.5 shows the difference if we are using the stochastic design solution with external
electricity supply when the demand is extreme in the weasé scenario. We assumed that the
extra electricity required by the extreme demand will be supplied by an extermai provider

with very expensive price (the levelized cost was assumed to be 300 $/MWh, which is double the
levelized electricity cost reported by EIA for coal in 2018). If we assume that 20% of the year will
be subjected to extreme demand, the extsh @t will be added to the stochastic solutiof is

0.293 billionas it can be seen irable3.5. Therefore, the total cost of the stochastic solution with
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externalelectricity needed for extreme demand is less than if we design the geevegation plant

for worstcase. We can say from this analysis that the design and operation under stochastic

approach is more practical than designing under extremei@ssdrd-case scenario) that rarely

happens.

Table3.4. Comparison between deterministic, stochastic and veais solution of power
generation modekithout environmental consideration

Deterministic Stochastic Worst-case scenario
Number of Numfber . Number of .
enerating Capacity (MW) or Ceney generating CEEIEY
gener generating (MW) . (MW)
units ) units
units
2 455 2 455 2 455
1 130 2 130 2 130
1 162 1 162 1 162
1 80 1 80 1 85
1 80
2
oS 3 55

Total thermal

5 with total capacity of| 8 with total capacity of

10 with total capacity of 166

geﬂﬁirgtmg 1282 (MW) 1522 (MW) (MW)
Number wind 0 0 0
turbine
Objective | Total cost: 5.56 billior$ | Total cost: 6.35 billion $|  Total cost: 7.37 billion $

function (net
present cost)

Capital: 4.16billion $
Operating: 1.40 billior$

Capital: 4.94 billions
Operating: 1.41 billior$

Capital: 5.40 billior
Operating: 1.97 billior$

Table3.5. Comparison betweestochastic solution with external electricity supahd worst
casescenariobjective function of powegeneration modekithout environmental consideration

Stochastic solution with external electricitysupply

Worse-case scenario

Total cost

6.64billion $
6.35 billion $ (stochastic solution)

0.29 billion $ (extra needed when 20% of year demal

extreme)

7.37billion $
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3.3.4 Comparison between Stochastic and Deterministic Results When There Are

Environmental Considerations

In Table3.6, the objective function of the deterministic and stochastic formulation of the power
system model when the environmental constraintagtise areeported. It was mentioned before
thatthe viueof CQe mi ssi on (U) was set to be 20% | ess t
in Table 3.6, the stochastic solution is less expensive than the determisdtition. Although
considering that the demand uncertainty has a negative effect on the objective function (demand
uncertainty should increase the price the objective function) as can be $abte®4 (stochastic

solution is more expensive than deterministic solution) when there is no environmental
consideration. This is because in the deterministic model only the expected values of wind speed
were used while for the stochastic model the clustered spedds were used. It is clear that the
average wind speed does not reflect the reality of the wind behaviour and therefore we are not able
to fully utilize the benefits from this energy source. In other words, the avarageXpected

values) wind speedare not true representatives of the annual wind data. Consequently, the
decisions that had been taken via deterministic formulat®ngptimization answers) are missing
because it relies on a relatively small segment of information (average wirt), $patdoes not
sufficiently explain the real wind speed behaviour. Therefore, it can be said that wind uncertainty
has a stronger effect on the optimization solution when environmental reguegiatensidered,

as seen ifable3.6.

3.4 Application of the Proposed Clustering Approachto Generate Stochastic
Scenariofor Day-Ahead - Real Time UC Power Generation Planning
Model

The aforementionedlusteringmethod was applied to reduce the number of vgicehario in a
power system model that was developgdSchweleet al., [98]. The model developed 98]

was intended to solve for capacity expansion planning, while in this case the model is modified to
solvefor capacityplanning where the goal is to design (select generatorssenddulUC and

power output decisions)in dayahead and redaime operation The model is UCgeneration
planning underday-aheadand reattime operations The model is a two stagestochastic

programming problem withixed recourseThe first stag@eterminesvhich power unitto install
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(predetermined deneratoraregiven and the optimization will choose which are the)bastwell
as daily dayaheadJC and dispatch decisionsider uncertaintpf actual wind realizationNhile

in the second stagéhe reattime operatios of wind power imbalanceare adjustedinder each
scenario This allows correctivei.€., recourse) measures to be taken considering the actual wind
power generationMore specifically,in reattime operation,the power generator unithat
determined to benin day-ahead operati@their power outpwgwill be adjustecaccording ® the
actualwind powergeneration(uncertainty realization of wind powerJhe renewable portfolio
standard factor was set20%, which mean20% of energy mix should come from wiedergy
More details on this model formulation can be fo{@®8]. Equationsrepresenting this model are
portrayedn Appendx A. Thedevelopedystemby [98] wasfurther simplified andonly 4 nodes
are consideredith four candidategenerators andne load ahode4. Thegrgphical representation
of the understudpower system nodes presented ifrigure3.21.

The50wind scenariosvere clustered and the minimum clustering etvased on equatiq3.43),
was found tdeat6 clustersThereforethe 50scenariosvere reduced usingtean clustering to
6, and both were used to solve thewer planning modeFigure 3.19displays the 50per-unit
wind realization factor for existing wind farki, while Figure3.20 represerdthe reduced order
per-unit wind realization factorTable 3.7 below shows th objective function valugdnstalled
capacity ofconventionalgenerators anaind farm,for full-sizemodel and reduced size mogdel
that implemented clusterinj.can be seen that both model resultsvarg close, theeduced size
model underestimateobjective function byonly less thar2%. All design decisiosiof reduced
size model arein good agreement with thiell-size model. Figure 3.22 shows the dayahead
dispatchedlecision of both models. As it can be s&em this figure that the operatiordgcision
of the reduced model is diffent by small margin than thaull-size model Although, there is
slightly differentin operational decisions, the overpkrformanceof the proposed method is
acceptable especially for long term planning. As the proposed method will captureost
probabletrendsof the uncertain dathehaviar (pattern) andwill transferthat informationto the
long termstochasticplanning models. Thereforéecisions ofstochasticdesign and operation
models can benefit from the captured information on uncertamtand perform satisfactory

planningdecisions at lower computatioretpenses
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Table3.6. Comparison between deterministic and stochastic solution of mmmeration model
with environmental consideration

Deterministic Stochastic
Number of Number of
generating Capacity (MW) generating Capacity (MW)
units units
2 455 2 455
1 130 2 130
1 162 1 162
1 80 1 80
2 55

Total thermal

generating 5 with total capacity 0827 (MW) 8 with total capacity of 522 (MW)
units
Numbe_r wind 2269 1522
turbine
Objective Total cost: 9.30 billion $ Total cost: 8.77 billion $

function (net
present cost)

Capital: 8.13 billion
Operating: 1.1%illion $

Capital: 7.60 billiorts
Operating: 1.17 billior$

d factor [p.u.]

Win

4 6 8

10 12

2 14 16 18 20 2 A
Time (h)

— Clusterl
Cluster2
Cluster3

—— Cluster4
Clusters

— Cluster6

4 6 8 10 12 14 16 18 20 n M4
Time (h)

Figure3.19. 50 scenarios paunit wind

gur 1o _ Figure3.20. 6 clusters peunit wind
realization factor for existing wind farfa8]

realization factor for existing wind farm
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Table3.7. Comparison between fedize and reduced size solution of stochastic power

generation planning model in dayead and real time stages

Full-size UC dayahead Reduced size daghead
red-operation reattime
Total cost (Millions) 107.578 105.436
Installed capacity céll
conventionabeneratcs 526.000 526.000
(MW)
Selected generator g1(450MW) ,g3(76) g1(450MW), g3(76MW)
Installed capacity of winc
137.5 131.9
farm (MW)
Calculated renewable
21% 20.04%

portfolio

nl n3

Figure3.21. Schematic representation of the fowagde power system
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Figure3.22. Dispatch dayahead decisions fdull-sizeand reduced size UC planning model

3.5 Conclusion and Future Work

A deterministic and stochastic dateven poweigeneratiorplanningmodel were developed. The
deterministic apprazh wassolved basedn a single population parametee( mean) from data
which does not perfectly cover the data behayiand consequent|yts solution is unreliable.
Renewableenergy penetration wasnforcedby implementing a GH@Je.g., CO;) emission
regulation.Under deterministic approactine effect of includinghe averagenind energyto the
powergeneratiommix has positive effect on the GHemissionsand conversely negativeeffect

on the overall net present co8n aher hand, the stochastic dataven approach was based on
more detailed information from the data without explicitly knowing its distribution and therefore
its solution was more reliable. In the stochasti@d@iven approach, instea using the whole

set of available datar large number of realization scenaripsthat will lead to expensive
computational probleptlustering approactvas applied t@enerate reduced siseenariosi(e.,
clusters) fronthe historicalvailable dataTherefore, importantharacteristis of thesaincertain
parametersveretransferredo thestochastigplanningmodelthroughthese clusters

It was shownthat power generatiodesign and operation under stochastic approach is more
practical than designing undboth; extreme casei.€., worstcase scenarippnd deterministic
case especiallywhen environmental regulations were imposés planning the system under
worstcase scenario will cause the system to be-designedandplanning it under deterministic
approactwill result in decisionthat ardacking becausd relies on a relatively small segment of
information It was demostrated fromapplying the proposed method tother UC power
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generatiormodel,in whichoperatioml decisios are made imlay-ahead andeattime, thatresults
under reduced size uncertascenariosare very close to théull-size model Consequently,
satisfactory planning decisiornanbe achievea@t lowercomputational expenses

It can be concludethatreducingthe uncertain data size by implementingriears33 clustering
method is an effedive tool to tackle theomputationatractability of consideringnany stochastic
scenaria. In addition to that, the proposed method does not regtiiltunderstanding of the data
behaviour Meanwhile it offers a simple framework that can give accejatesults Therefore,
thedatadriven stochastic method is a traal between computational effort and data accuracy.
In the future, thigpower generation planningodel can bdurther expanded to include different
types of generation units, powered by different typdsielf and investigate the effect on design
andoperationaldecisionsMoreover, the integration of solar energy carekamined A storage
block canbeadded and theenefits of adding energstoragesystemunderdifferent realizatiorof
intermittentrenewableenergy andlemandcan bestudied Moreover, a carbon capture uoénbe
added to the poweeneration plantind thewhole powerand carbon emissiarapturing unit can

be optimized under uncertain wind and demand. data
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Chapter 4 Clustering Approach for the Efficient Solution
of Multiscale Stochastic Programming Problems: Application to

Energy Hub Design and Operation Under Uncertainty

4.1 Introduction

The increase in the share of renewable energy generation expands the implementation of
distributed energyesource and encourages the move towards developingnaddlling smart

energy networkandenergy hub[99]. As such, energy hubs are particularly useful for enabling

the integration of intermittent renewable energy sources such as solar and wind. An energy hub is
a multicarrier energy systenonsisting of multiple energy conversion, storage, wisckesigned

to meet different sources of demands such as electric, cooling, and heating ddib@jhds a

result, different energy carries in an energy hub can be stored and texthsfieaugh different
energy conversion unitsyhich enables greater flexibility in energy delivery. Thedelling
concept of an energy hub quantify the relation between input and output energy flows and can be
extended to determine the required capacityawh unit. The energy hub model is typically used

as a platform/framework to optimallyplan (design) and operate energy systdii®l], [102]
Controllable and flexible energy system is established due to the abilitg efiergy hub system

to integrate different typsof distributed renewable energgsources (DRRs) and energy storage
system (ESSsJ103]. However, due to uncertainty and variability of DRE (e.g., solar
photovoltaic and wind turbingjhe advantages of energy hub system to supply flexible power
could be limited and diminishgd04]. Therefoe, modellingthe energy hub byonsideringthe

uncertainties associated with these sources is crucial.

Energy hub models can be applied to different spatial scaef¢m the level of a single building

to a larger geographic regiqgas well asa different time scale. Particularly, energybmodelling

could be applied to different time scales from ltergn planning€.g.,designing and sizing energy
conversion and storage unit) tadhshortterm planning (scheduling and operatiofypically,

planning and schedulingre both performed sepaat el y even though they:
However the integration between these different time scald#seikey to improve efficiency and

profit margins As, the integration of planningeg(g., design) and scheduling.€., operation)

improves decision level management which results in lower nettmsever the computational
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tractability arigng from this integration makes it difficult to solvEor example, a very large and
intractable problems will be formed if differietme scales of the multiscale energy hub model are
converting to the shortest planning periad.(detailedschedulingover along duration. While
relaxing some constraints or employing surrogate models or using averaging method might lead
to infeasilbe operationsi(e., since detailed schedules cannot be obtained to meet the planned
production targets) or inaccurate system def8@h [105].

Various modelling and solution approaches have been proposed to overcome this problem.
Clustering arises as an effective and appropriate approach to handle such prolaslggredmting
similar inputs, such asupply, demand or pricéogether. Input parameters typicaliganade up

of multiple attributes like simultaneous electricity and liEahandsThe taskof clustering is to
discoverstructure inunlabelleddata sets by grouping the data into homogenous groups in which
the similarity withinrgroupobject {.e.,within one cluster) is minimized while the betwegoup

object dissimilarity is maximizedi.€., between different clustersYherefore, application of
clusteringapproach to tackle this problem csignificantly reduce the model size and improve
computational tractability while maintaining solution accur&eyr morethan50 years, clustering

has been broadly studied throughout various discipliff€36]. A crucial role in clustering
algorithm developments is played by mathematical progriagn Many researchstudieshad
purposedifferent clustering approach based on the mathematical programming ceucke @ts

[97], [107]i [111].

Thischapterattempts t@ddresshe following challenges (multiscale decision makunmggertainty

and variability of DRIRS) associated witanergy hub by

1. Applying generalmathematical programmingasedclustering methods reduce thamultiple
attribute demand data size

2. Proposing a statistical method that models the uncéehsviouof renewable energy sources

3. Formulating the energy hub system as two stage stochastic optimization.

Many research studies have been devoted to opfaahing and schedulingof energy hub
systemsMoghaddanet al, (2016 [71] performeddaily scheduling of an energy hub including
different generation and storage technolodiethe studies conducted fyajidi et al,, 2017; and
Nojavanet al, 2018)[72], [73], the operation and emission costs of energy hubs were optimized
based on twambjective estimation problems. In another stiidd], the daily operatioal costs,

including costs of purchased electricity/gas and carbon emission costs were minimized using
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deterministic MILP. Ir[75] paper, the authors proposed a malijective optimization framework

for optimal operation of energy hub components considering uncbghaviourf households.

The operation of energy hub netwovkasexplored in several papers; howee,few studies carried

out the design and operation of urban energy systems based on the energy hulpldiric&pe
optimal design and operation BfERs has been studied Hy12]. However, the study did not
consider renewable energy technologitassearch done §§13] developed a deterministic MILP
based approach for optimathergy hub operation to supptite hydrogen economy. The design
decision variables considered in this study are variables limitegtitogerrefuellingstation {.e.,
hydrogen production and storing facilities. [h01] study, the authors proposed a deterministic
designand operation of distribatl energysystemgDESS) in urban areagith renewable energy
sources. In this stugdgconomicand environmental considerations were investigdieweverthe
uncertainties of renewable resources were not considerstidy conducted bji14] presented

a multiobjective optimization process to determihe optimal design and operation of combined
heat and power (CHP) units hub taking into consideration both economic and environmental
factors.In [99] study,a stochastic programming approach for the planning and operation of a
power to gas energy hub was developed. This study focusses on assessing the benefds power
gas energy storagehile accounting for uncertainty in hourly electricity pritee number of fuel

cell vehicles servicedand the amount of hydrogeafuelled Time series aggregation based on
clustering algorithms was used to cluster demand, wind speed and solar ¢gad[a05] study.
These aggregated/ clustered input data were applied to different energy huls syséekie the
design and operatiah optimization problera of these systems. The study shows that the
application of clustering methods ienergy hub optimization significantly reduce the model
complexity.

The energy optimization models introduced in the aforementioned studies did not ctmsider
uncertainties of DRESs, which subsequently could lead to inaccuraieasmplete decisions dn
results However, some studies have considered uncertainties ofRBRE their developed
optimization problems.

Optimal stochastic scheduling of energy hubs was presentdd6hywhich considered the
uncertainties associated withnd turbinesystem output and electricity pridé15] Developed a

two stagestochatic model for optimal design and operation of combined cooling, heat, and power

(CCHP) unit. This study considered the uncertainties of loads and solar irradiation at different
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seasons. Howeveenergy storage syster§S) was not considered in their sfjudA Stochastic
operation and scheduling of energy hub considering the uncertainti2RERsand different

configurations of energy hub due to outage ofsydiems was developed [16] .

The current research studies the following aspects of energy hub modelling: 1. Optimal design, 2.
Optimal operation; 2. Greenhouse gas (GHG) emisarmh mitigation 4. DRERs 5. ESS; 6.
Uncetainty of renewable energy; 7. Demand size reduction.

Current literature reports have some similar individual features, but none of the literature has
combined all the features of the analysis into one model. A knowledge gap exists in both:

1. Developinga stochastic optimization which comprehensively considers the design and
operation planning, energy storage system and uncertainifRERS

2. Applying efficientsizereduction approach to large size muitiattributes demand data which

can be usedsaan input to the stochastic energy hub mobahble4.1 reports an overview of the
literature review that has been revealed.

The first aim of the present work is@@ercomehe problem associated with integrating different
scales of energliub nodel by adoptinggeneric clustering approachhe goal of the clustering
approach is toepresenthedaysin a yeathatexhibitasimilar trajectory byareduceedsizetypical
daycandidatg(i.e., representativef the operatingear. Inother words, the goal of clustering is

to represent the yearly multiple attribakemandcurveswith a rangeof sufficiently representative
curves.A sufficient number of representative curves mean the representatives are able to provide
a close enough &dion to the full size (high in accuracy) model while also maintaining solution
tractability. Figure4.1 shows a conceptual schematic of the clusteepproach application to

the multiscaledecisionmaking problem. Thedevelopment of thelusteringalgorithmin this
chapter is based on the work done[®y] for singleattribute and117] for multiple attribute.
Therefore the multiple atribute clustering algorithm used in this study is formuldiaded on
mathematicaprogrammingapproach aamixed integer programmingroblem Furthermore, due

to the computationalifficulty of the mathematicaprogrammingbased clustering approaca
heuristic sizereductionapproachthat is derived from thgeneralclustering approach applied

It is worth noting that the clustering approach to reduce the size of multtka@kormaking
problem is general and can be implemented to diffgy@mning optimization problem where the

size of the multiscale input parameter is large and takes high computational effort to solve.
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The secongjoalof this work is to develop two stage stochastic optimization model for the design
and operation of energy huppstem with hydrogen storageydrogen storage system is selected
due toits flexibility in offering different energy recovery pathways. For instant, hydrogen can be
usedto produce electricity through fuekll, supplied to hydrogen demand for hydrogen vehicle,
injected and distributeidto the existing natural gas infrasttuge. Two case studies are considered

to optimally design and operate the energy hub maahelis without restriction orgreenhouse

gas GHG) emissionand another restricts the GHG emissioh Weibull distribution statistical
method is implemented teegerate stochastic wind speed scesdram wind speedlata. Taest

the clustering efficiency, the cluster results are applied to the developed energy hub model and
comparedwith the energy hulwhenthe whole set of data is usett. the end of thishaper, the
efficiency of the stochastic approachassessed

Therest of thischapteris organized as follows: Sectigh2 describes the methods used for the
developmentaindverification of the clustering algorithmandmodellingthe uncertaintyof wind
spead. Sectiond.3presents the stochastarmulation of energyub systemin section 44, results

of solving the stochastic energy hub modgihg theclustered electricity and heat demaiadsl

the full-size demand datare discussed Additionally, the solution qualityof using clustered
demandand applying stochasti@approachof the energy hulsystemare evaluated.Section4.5

presents concluding remarks.

Table4.1 Literature review sumary on energy hubs optimization problems

Research aspects

_ _ (GHG) Uncertainty of Demand
study year Optimal Optimal o DRER )
) ) emission ESS renewable size
design operation ) S )
saving energy reduction
[71] 2016 U Y, U U \Y, u U
[72] 2017 U Y, \Y, \Y, \Y, U U
[73] 2018 U \Y, \Y, \Y \Y U U
[74] 2017 U \Y \Y \Y, \Y, U U
[75] 2020 U Vv U Y, Y, U U
[112] 2014 Vv Vv U U Y, U U
[113] 2016 U Y, \Y \Y, \Y, U U
[101] 2016 Y Y, \Y \Y, \Y, U U
[114] 2017 Y, \Y, Y, \Y, \Y, U U
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[99] 2017
[105] 2018
[76] 2017
[115] 2019
[116] 2021
Current work 2021
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Figure4.1. Application of the proposed clustering approach to the multiscale decisikimg

problem

4.2 Methodology: Clustering Algorithm and Stochastic Scenario Generation

Clustering has been constantly drawing attention because optbspectiveapplications in big

data processingcluding time series datdhe clustering approach used in this stiglpart of

time series data, which cafuster multiple attribute data whimultaneouslyconsidering their

shapesimilaritiesandtime-trajectoried118]. Therefore, applying thelustered data (reduced size

time-series data) to the multiscateodelling problem can efficiently reduce the computational

tractability. The Li-norm [119]i [123] (least absolute value method) was uasdhe clustering

measure similarityobjective functionto maintainlinearity ofthe clustering approach modél

multiple attribute clusteringlgorithm isapplied,as nput parameterare generallyconsistedof
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multiple attributes like the simultaneous electricitgatand coolingdemandsTo tackle the issue
of multiple attributes, the weighting method is selected to perform -ohjkictive optimization
[52]. Figure 4.2 illustrates a Pareto front for a bjective problen. Different combinations of
weight factorsof both objective functionarecompiled togetheto generatehe Pareto frongr.
The utopia poinf0 "Q corresponds to theptimumof bothobjectivefunctions 1 and ZHowever,
there istypically no feasible solution at utopia point as demonstratedn the Figure 4.2.
Consequentlythe nearest pointo feasible solution tahe utopia points considered as the best

solution.

Feasible region
w; =1, w=0

Wilh

<+—— Pareto frontier
w, =0, w=1
oF g W Lt g

Objective function 1

Objective function 2

v

Figure4.2. Conceptual representatiéor Pareto frontier

4.2.1 General Clustering Algorithm Formulation

The aim of this approach is to allocate days to cluster whichmaieum dissimilarity(gather
days that havsimilartrajectory) given a set alemand (loadgurves irD (days) and foH (hours)

to begatheredn C clusters. Additionallymultiple attributes are included within the formulation

represented by index» . This can be expreed in the followingorm:
aQ¢ w 0B

(4.1)

4.2)
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Whereequation(4.1) is the multiobjective performance criteria function to be minimiZ&xtp
is the integral absolute errocifnorm)thatappliedas similaritymetricsfor eachattribute (a).
Equation(4.1) indicates the mukobjective performance criteriaf different attributega) under
considerationwhere each attribute &ssigned tattributeab s we i g h twi,whgredd act or
mandB @  p). Equation(4.2) represents the day assignment constraint where each day of the
year should ballocatedto a cluster curve. The variablev j is a binary variable thaepresents
allocating load§demana) for day'Qto clusterc The IAE mathematical expression can be given
as followg¢118]:

VOO0 90 0600

(4.3)

whered O represents the load curve(s) @ana the clustered curve(diquation(4.4) is obtained

by applying trapezoidal rule equation(4.3) as follows:

y
o -z 0 Onr O Oy )

(4.9
whered Oy, denotes the absolute difference betwdemandcurve and clustered cuneefor
hourh in dayd for attributea which can be defined as followsdquation(4.5)):

0 Or OO0y Opnp OF I Giaioho

(4.5)

00, denotesad attribute demand load for holiin dayd,, O j; is the representative demand

of attributea for hour h hour in clustec. It is worth notingthat this model is flexible in terms of
similarity measureferformance criterja since,implementingthe L>-normas a replacement for
the Li-norm can be easily done by incorporating the Euclidean distarcpiation(4.3).
Furthermore sequential clustering of demand data carsipeply performedby including the
following setof constraints(Equation (4.6)-Equation4.8)) [124]. Sequence clustering can be
significant to sustainflexible operations, such as many circumstancesontinuous similar

operations ardesiredto minimize theundesirablecost related to changaode or set ups.

W 5 Wf I Q O
(4.6)
W 5 0Op W I'Q O p
4.7
WL ® [ © Q OR & p
(4.8
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WhereO denote the total number of daysjuationg4.6)-(4.8) controlthe first, intermediate,

and last clusters sequernmfedays respectively.

The abovementioned general formulation providegeneralframeworkto performbothnormal
and sequence clustering becabeth arebased orthe samalgorithmic structureNevertheless
this formulation is MINLP modebecause othe absolute value and multiplication between the
variablesO 5 andw j ascan be seem equation (4.5). Simply, the absolute function can be
linearized by applying linearization methods on the absolute funfii®®). Furthermore, the
bilinear term 'O 5 wp) can be further linearizebdy introducing a new contiraus variable
(Yoarrn Opgp 2 @) called the relaxation variable through a set of constrfi2®)], further
details on linearization approach can be fourf@. In summary, the model for normal clustering
is made up bequationg4.1) -(4.5); whereas sequence clustering is denoteegonations(4.1) -
(45), andequationg4.6) -(4.8).

4.2.2 Heuristic Approach for Multiple Attributes Data SizeReduction

Although, the abovementioned clustering approach is simplepitgputational complexity is
obviousas the timeaequiredto performclustering task is very long. Therefotbe goal of this
subsection is t@pply heuristic size reduction algorithm tdackle this issue By applying the
heuristic approach, thereviouslypresentedILP clusteringmodel carbe used to cluster data
with long planning horizons, including multiple attributée computationally reasonable time
Nonetheless, the linearity and programming basis dbitmeer clusteringapproachs maintained

The heuristicstepsfollow the kmeansclusteringalgorithm[127] but clustersconstructionare
derived from the previously mentionaththematical programmirgasedclustering approach

As it can be noticed from tHermerclustering mathematical model, it is composed of two classes
of variables, namely, continuous variables®  , 'Y oy, ; ; andO j; ) and discrete variables (the
day assignment binary variabley ;). Accordingly, the proposed algorithmedomposeghe
original problem into a master problem and subprobléyx® master problem is a Mixed Integer
Programming (MIP) problem whickolve the complicated variabledafy assignment integer
variable @)) and fix them to given feasible integer. Téugproblem is a linear programming
(LP) problem that solves the resulting continuous probtgnsters curve® f, ) usingthose fixed
integer variable values from the master problem. The upper bound of the objective would be

obtained by solving the master problémiP), while the lower bound of the objective function
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would be obtained by solvirgP subproblemin the masteproblem the initial guess clusters are
fed to the problem as paramet@&he algorithmexecutes in iterative basés which will keep
iterating until the difference between upper and lower bound solution is within acceptable range.
This type ofheuristic @proach has beenitilized in the past andonsideredasanapplicableand
reliabletechniqueo solve similar type ofargescale mathematical modg08], [128]

Figure 4.3 and Figure 4.4 show the flowchart of the proposed heuristic algorithm for multiple
attributes.Figure 4.3 shows the execution of thieeuristicalgorithm fordifferent weight factor
combinatiors. Figure4.4 depictsthe execution of thieuristicalgorithmusing singleveight factor
combinationTheParetdrontiercan be constructed by consideraigscenarios for given weight
factor, the procedure goes to the next weidgattor, and repeathesestepsuntil all weight factors
areconsideredThe proceduréor a given attribute weightctoris given adollows:

1. Initialization: Setthe numberinitial guessscenariofN

2. Generate random initial guess clusters scenario3he scenarios are generated using random
uniform distribution between maximum and minimdemandof each hour for each attribute in
the entire demand curve® i RO\ B HO

3. Initial scenario: Consider scenarin= 1.

4. Master problem solution: Solvefor day assignment integer variaby), given fixedclusters
curvesin order toobtain upper bound objective functiot

5. Subproblem solution: Solve for clusters curvedO ), given fixedday assignment integer
variables @ j) from the master probleandobtain the lower bound objective functiog

6. Convergency checkif s ® @ S "Yégoto7.

Otherwise, feed the cluster curved obtained from solving the subproblem into the

master problenandrepeatstep4 to 6, keep iteratingintil convergence is achieved.

7. Next scenario:Recordn scenario solution and thertonsider the next scenario, and repeat step
4to 6. If all scenarios have been considered go to the next step.

8. Scenario with minimum objective function: The solution of thgoroblem(i.e., cluster$ will

be corresponding to the objective function with minimum valued .

The model can be used for normal clustesogiationg4.1), (4.2) and equationg4.4)-(4.5) or
sequence clusteringgquations(4.1)-(4.2), (4.4)-(4.5) and (4.6)-(4.8)) Generally, loth types of
clusteringproblems with multiple attributesan be pdormedusingthis formulation approach
The mathematical models were built in the General Algelivaidelling System (GAMS)15].
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The total number of the continuous vatesbof the general formulation clustering approach for 2
attributesis ¢ ¢ 1TOp 06 O andthe total number obinary variabless 'O 6 whereO
ando are the total number of days and clustezspectively. On the other hand, the total number
binary variables of the master problem of tiegirristicclustering approacis ‘O 6, while the total

number of continuous variables of the heuristic subproblemcareg TO 0
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Figure4.3. Graphical representatiasf the heuristicsize reductioralgorithm for multiple
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Choose the solution of the scenarianf with minimum objective function (ZV)
for given weight factor w, of each attribute and given clusters number )
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Figure4.4. Graphical representation of the heuristic semuction algorithm for multiple
attributesfor a single weight factor

4.2.3 Clustering Assessment

This section aims to assess the computational performance of the general formulation clustering
algorithm gnathematical programmidgasedformulation model) and the heuristic clustering
algorithm derived in the previous sectiolsthis case studyhourly heat and electricity demands

data during a year for the energy hub systeramployedfor demonstratiorand evaluation

purposeg[129]. Figure B.1 andB.2 in Appendix B show the heat and electricity demands,
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respectivelyWeight factorcombinations used to construct the Pareto fromtielistedin Table
4.2.

Table4.2. Attributes weight factors for the uiti-objective functior(overall clustering similarity

measure)
Weight Factor] Electricity | Heat
1 0.20 0.80
2 0.3 0.70
3 0.40 0.60
4 0.50 0.50
5 0.60 0.40
6 0.70 0.3
7 0.80 0.20
8 0.90 0.10

The solutions quality and solutions time the mathematical programmifasedsectiond.2.])

and theheuristicapproact(section 4.2.2) clusterirggorithm(size reductionjor multi-attributes
were examined. It was noticed that the general clustering formutatiorottackle the whole year
heat and electricity demand data especially when normal clustering approaath is us

It is worth noting that, when normal clustering is applied fyear demand data, no solutions
were returned after 48oursusing the general clustering formulatiorherefore, for thesakeof
comparison, the two algorithswere tested using reduced dataceehposed 020 days. However,
when sequence clusterirf general formulatiorwas used taluster 1-year demand data, the
solution timewas reasonabld herefore the performanceof the two algorithrs was compared
under sequence clustering usitxyear demand data. The runs for this comparison stugly (
between heuristic argeneraklusteringmodel) include 4, 5, and 6 clusters usirpalaydemand
data for normahnd 365 for sequence clusterifige., total6 runs). Moreover, the weight factor
was set to be 0.5 fdroth attributes in all runs.30 initial guess scenarios were generated for each
of heuristic formulation runTable4.3 shows, optimal objective function value and solution time

using both clustering formulations
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Table4.3 Computational performance of heuitgshndgeneral formulation clustering approaches

Objective function (MWh) Solution time (min)
heuristic general heuristic general
formulation formulation formulation formulation
Normal 4 10.836 10.836 1.05 50.25
clustering-20 5 9.192 9.192 1.23 148.03
days 6 8.356 8.34 1.38 434.75
Sequence 4 469.144 469.144 149.58 469.86
clustering- 365 5 430.696 430.969 500.42 2142.48
days 6 404.9 404.54 770.42 11703.16

As it can be notiagfrom this table that the heuristic approach needs much lessaisodvethe
clustering problem than the general formulation method m¢dathematicalprogramming
baseg. Although at largenumber of clusters, the heuristic approatiective functiondiffers

from the general mathematigalogrammingbasedclustering approachdowever, the difference

in IAE values is minor. Therefore, one can say with certainty that the heuristic approach
outperforms in terms of solution time especially when the datatege withcloseproximity to

the solution form thegeneral formulatiormodel. Consequentially, the heuristic approach was
implemented to generate clusters curves for our case study of dndrggodel presented in the

next section.

Furthermore, in tls section, the outputs of the mplé attributes using the proposetdeuristic
clustering algorithmsection(4.2.2) were assessed. The heuristic clustering algorithm was used
to clusteran entire year (365 days) demand data inahd 6 clusters using normal and sequence
clustering approaches. The weight factor combinat{@able 4.2) were considered to generate
the Pareto frontier of each cluster run. Moreosfr,scenarios were generated per rilihe
GAMS/CPLEX][15] solver was used to perform the runs on an Intet@Re i7(R) 4.0 GHz, 16

GB RAM personalaptop The algorithm tolerance was set to*1Theaveragesolution time for
theserunsis reported inTable4.4. It can be noticedhis table thathe solution time for sequence
clustering is slightly shorter than normal clustering due tatititionalconstraint setgcluded

in sequence clustering whidhrink the feasible region sizeesulting inlesssolution time It is

clear fromtablethat, increasing the number of clusters results in bigger model size and thus longer
solution time. In generalhé model ixchallengingto solve even with a small number of binary

variables.
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Pareto frontiers for normal and sequence clustering are illustratedyume 4.5. The Pareto
frontiers onsidered all weight factor combinations showiainle4.2 for all runs. As depicted in

the figure, increasing the number of clusters has a positive effect on the value of objective function
(IAE) for both: normal and sequence clustering.

Table4.4. Solution time of luistic clustering approacunder different runs

. Normal clustering Sequence clustering
Average solution
time per scenario 4 5 6 4 > 6
(min) 7.03| 183 | 286 | 598 | 16.68 | 25.6

A relative error function isisedas evaluationmeasure between the cluster curves and the load
(demand)urves to attain insightful conclusionsfaows:
O OO0
YO hyo 5 A
(4.9)

whereY G, is the relative error between tlctuster and load curve3able 4.5 displays the
average errousing weight factor equal to Otér all clusteruns.This metric basically represents
the integral absolute error (IAEscaled by the cluster curvedo evaluate pd#ormance
independently from the scale of the data set and allow comparisons when the demand curves are
significantlydifferedin magnitude. This error measuremerinsadlyapplied in utility forecasting
studie$130]. In order to measutbe spread of errdretween cluster curve and lodmdong to this
cluster the error standard deviation walso calculated.Average results of relative errand

standard daation usingweight factorsof 0.5 are presentad thesametable

Results inTable 4.5 presentthat normal clusteringgforms better than sequence clustering in
terms of objective function valueglativeerror average, and standard deviation. This is due to the
extra sequenceestriction (constraints) that might be a requirement in certain process decision
making. Furthermore, as it can be noticedrigure B.1(annual heat demanthat heat demand
underges significant fluctuation and reach zero values or very close to zereriainperiods
Moreover the average error and standard deviation values associatecheathdemand are
relatively bigger compared to the electricity, due to the high fluctuation in heat demand because

of season change (low heat demand in summer mbeth®en May and July)
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Table4.5. Summary ofelativeerrorstatistis for normaland sequenceusteringusing weight
factor 0.5(365 days4,5 and 6 clusters)

Electricity Heat
Average Standard Average Standard
Clusters relativge deviation | 1AE relativ% deviation IAE
of relative | (MWh) of relative | (MWh)
error error

error error
4 0.073 0.076 2002 7.667 36.510 460.3
Normal 5 0.070 0.077 191.0 6.155 2.475 4025

6 0.059 0.063 175.0 1.469 7.372 3701428

4 0.084 0.094 271.7 11.414 76.977 661
Sequence |5 0.080 0.087 241.8 6.601 29.838 627.5
6 0.072 0.084 231.8 5.149 23.637 574.5

Figure 4.6 shows the actual heat and electricity demand data used in this case study and the
corresponding representative cluster curves of the data using both normal and sequence clustering
approach (45 and 6 normal and sequence clusters). The weight factor used to generate the
corresponding representative cluster curves is 0.5 for both heat and electricity attributes. As it can
be seen in this figures, clustered results are in good agreement welcttia¢ demand data
However for heat demand data we can say that cluster curves haveysagierdiscrepancybut

mostly follows thetendency of the actual demamtlie to the high fluctuation in the actual heat
demand. Also, it can be concluded frdmstfigure that normal clustering curves match better with
actual demand data than the sequence clustering curves. Despite the slight error associated with
the cluster curves, the purpose effprming clustering is to useraduced sizeet of demand data

that is well representative and can reflect tineerlyingtrends Moving forward, these cluster

curves reducedize demand data will be used as an input for planning, designing, and operating
the energy hub model and will serve to improve the tractgloilithe solution.

FiguresB.5 toB.10 in AppendixXB show the clusters and day assignments of normal and sequence
clustering for weight factors 1 and 8 along with 4, 5, and 6 clusters. The weight factor 1 prioritizes
heat demand, whereas the priority for weight factor 8 is electricity demand. It is ol@athfyse

figures that cluster curves are slightly affected by the weight factors. The advantageous of using
the weight factor approach in tleerrentclustering algorithms allowing to perform clustering

with the emphasizes on one/or more attributes than the ditheais also noticeablethat many

clusters of electricity demand, especidlhe sequence clusteraye the samget correspond to

different daysThis is because thegpresentdifferentrepresentativelays(clusters) in whichthe
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clustersof heatdemands for those days are diffefemdtherefore, they cannot be mergetbin
the same cluster. Therefore, due to the advantage of normal clustering over sequence, the use of
normal clustering teeducecomputational efforandhandlelarge scale models is recommended

when the applications do not require sequencing
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4.2.4 Uncertainty Modelling of Wind speed

Unfortunately, the wind is notoriously fickle, varying substantially throughalatyafrom season
to season and even from year to year. Weibull distribution is favourable to describe the fluctuation

in wind during anytime interval using two paramet@31]. It is a method that has been widely
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used both in industrial and academic studidss datistical tool reflect how often winds of
different speeds will be seen atertainlocation. Therefore,in this studywind speed data were
collectedfor one year and then fitted into Weibull distributiosingequation(4.10) [131]. The
collectedwind data reflected the measured wind speeds in 2018 from the Waterloo region, courtesy
of The National Solar Radiation Data BgdSRDB) [132]. The maximum likelihood method
(MLM) wasused to fit Weibull distributiomnthemeaured wind speedata[30]. By using MLM,

the besffit Weibull distribution for the availabldatawasobtained angresentedn Figure4.7.

Also, the graph shows the probability which the variabied speedalls within different bins

. QU .0

118D - = Qan -
d w r](JO

e

(4.10
Whereu is the wind speedandddenote the shape and scale paranaftéveibull distribution

respectively. FromWeibull distribution, the probabilityof wind speed occurrence can be
estimated. By doing this, stochastic scenarios can be generated, each scenario has a probability as
shown inFigure4.8. The probability awhich the wind speed is between two limits is given by
equation(4.11):

- Qu 0

niegsd 0 0 Qwn Qu 0 v

A
!

(4.11)
Where is the cumulative distributiofunction,0 and0 are the upper and lower wind speed

limit of each stochastic scenarig (respectively Accordingly, the inversef cumulativeWeibull
distribution( returns the wind speed at given probabitifypccurrenceThereforethe upper
and lower wind speklimit of each stochastic scenario can be calculatéollasvs:
ni €00 O v
(4.12
In order toobtain scenarios with equal probabilities (equal areas under the probability density

function curve), each scenario is represented by probability that is equalwdhere S is the total

number of scenarg The upper and lower limiter wind speed of&h scenario can be calculated
as follows équationg4.13) and(4.14)):

\ i R L P h i Y
U oy eV |
(4.13
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To avoidinfinities, equation(4.14) wasused to impose 99% confidence interval because when
O 3k p H

In the following case stugyt0 scenarioseregeneratedrom the fitted Weibull distribution curve

as shown irFigure4.8. As it can be seen from this figure, each shaded area under the probability

distribution functioncurverepresentasingle stochastic scenario with probability of (1/10)
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4.3 Application of the Multiple Attribute Clustering Approach to Energy
Hub

As mentionedin the introduction sectionhis study showasea an application of, 1clustering
algorithms tomultiple attributesdemand data, and 8atadriven statistical method to represent

the intemittent behaviar of uncertain wind speed datar8formulating the design and operation

of energy hub with hydrogestorage as multiscale model with multiple attributes by agglomerating
demand data with similar profiles and generating stochastic scerariatwo stagestochastic

model based on uncertain wind data. Moreover, in this settiemmpactof clusteringon the
accuracy of the optimal energy hub decisions using clustered arsizitlemand dataill be
investigaed In other wordsthe soltion oftheenergy hub planning model under uncertain wind

with multiple demand attributes using the outputs of the normal and sequence clustering algorithms
against the fulsize demand data (without clustering)ll be evaluatedThe desigrand operatn

of energy hub problem s&rategiqlong-term)andmediumtermdecision levelaimedto minimize

the total annual cost of designing (installing and sizing) and operating energy hub units while
meeting demands. There are several models for the energy hub problem available in the literature,
ranging from heuristics tmathematical programmg. The energy hub problem adopted in this
section ignodelledas MILP[129] model. The following subsection presents the energy hub model

formulation.

4.3.1 Energy Hub Model Formulation

This sulsection discusses the stochastiodellingfor the design and operation of energy hub
system under uncertain wind speeds utilizing clustered demand data (heat and electricity).

The present energy hub systemdelaimsto minimize the annual operationaldamaintenance

cost, as well as the capital costhi | e meeting electricity and
operating capacitiesnd physical constraints.

In this case studyjothDRERsandconventionaDERSs (Distributed Energy Resourcésised on

fossil fuelareconsideredThe currenenergy hub system includes variety of conventional energy
conversion technologies powered by natural gas such as combined heat and powem{tSHP)
and boilersand a norconventional energy conversion technologg.(wind turbines) powered

by renewable energy resources. Additionally, it utilizes a hydrogen production and storage system

from electricityutilizing electrolyzer, hydrogen tank and fuel celEE&8S(energy storage system)
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Hydrogen storage systeisichosen because it can plagrole in both storing energy and supply
hydrogen demanfibr hydrogen vehicle Figure4.9 shows the energy huayoutwith considered
energy technologies and input data handling (wind speed, electricity and heat demand)
The optimization program will decide the number of each amd the respective capacity within
the energy hub system, as welltag operating points for the electrolyzers, hydrogen tanks, fuel
cells,boilers,and CHP generators at each time point. Particularly, irchi@ptey the discrete size
of each technolgy is considered in the optimization, which makes this work more realistic. The
number and type of each technology chosen is a design decision variable while the operating
variables are related to how energy hub units are running. The main outputs pfirtiizadion
model can be summarized as follows:

1. Type and number of energy conversion and storage technologies within the hub

2. Design and the operation of optimal energy hub under intermittent wind energy

availability, and based amultiple attributes agggated demand or fullize demand data
3. Economic cost of the system including capital, operatma maintenanceand fuel
consumption

4. Environmental impact of the system througbkasuring th&HG emissioa (mainly CQ).
Natural gas is fuel for both: tHmiler and CHP. As illustrated, the electricity demand is met by
means of the CHBeneratorswind turbines and fuel cell; whereas heat is met by the boilers and
CHPs.The list of the energy generation technologies and its technical and economical gsoperti
are givenn Table4.6. Thismodel is a general framework for microgrid/energy hub system where
different technologies can easily be added or remaaecbrding to the problem that needs to be
solved.
The mathematical model was formulatediws stagestochastic with recourse, where the first
stage decisions decide the design of the system which isdluel@umber of each unit and the
respective capacity within tlemergy hubWhile the secondtage decisiorscheduléhe operation
of the system including the operating points for the electrolyzer, fuel cell, CHP units and boilers
at each time point. Thievo stagestochastic recourse (wefer to it as recourse problefRP))
formulation is basically a Hevel optimization formulation whose inner optimization problem
mimic the secondtage planning process. Due to special structwestagestochastic programs

can be naturally reformuiad into an equivalent singlevel optimization problem. Therefore, the
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single level optimization formulation of RP for design and operation of energy hub system can be

directly written as follows:

Wind speed daia fnv.l ear )
p ¥ =

stochastic wind speed scenario generation
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Figure4.9. Understudy energy hub architecture

Table4.6. Technical anegconomicinformationof energy conversion and storing technologies

rated Operating&
. . Outputenergy . .
unit capacity Input energyform . efficiency Capital cost ~ maintenanceost
orm
(kW) (B/kW)
| 530 0.82 100 ($/kwW) 0.027
Boiler
(101] 300 kW fuel HHV kW heat 0.9 120($/kw) 0.027
100 0.8 150 ($/kwW) 0.027
kW power 0.26 0.016
300 kW fuel HHV 900 ($/kW)
kW heat 0.44
CHP kW power 0.35
100 kW fuel HHV 1080($/kW) 0.016
[101] kW heat 0.5
kW power 0.31
60 kW fuel HHV 1200($/kW) 0.0111
kW heat 0.56
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kW availableby

) . 20 . kW power 0.4 2200($/kW) 0.008
Wind Turbine air
[133] kW availableby
30 . kW power 0.42 1906($/kW) 0.008
air
Storing units
Electrolyzer .
290 kW power kg of H, 0.0193 155058/ unit 0.06
[101]
Fuel Cell '
[134] 250 kag/hr of H kW power 16.5 21063@®/unit 0.06

The objective function iequation(4.15) represents the total annual costluding capital cost of
the energy hub units and their operatiogst including fuel consumption, operation and
maintenanceosts The first part of the equion represents thepital cost of the energy hub units
(i.e.,first stage decision of the stochastic programmimbe second part of the equatidenotes
the annual net cost from operating the energy Whirh isbasicallyoperational anthaintenance
and fuel consumptigrthatdepends on the scenario of wind speed uncertainty realiZatidth
probabilityf

a Q& YO o606 00 w 000U w 600

I Orpr 00 0°Qr0 1 @0 Orrp U0
' (4.15)

Whereoh @ 1 & care setof fossilfuel based power and heat generation units, storing anis
wind turbines unitsrespectivelywdenotes the integer design variable that repretiemhumber
of each unit needed to be installéd; 1, ; is the operational decision variable thepresergthe
amount of energy flowi denote the type of energy heat or electricity) consumed or produced by
each energy hub unit s scenario andh hour of thed day. 6 6 @nd0 0 represent capitabnd
operational and maintenance cost parametespectively 0 i ®@casymbolizes thenatural gas
price (0.325 $/if) [129].
The capital cost of each unit of the energy hub is obtained by summing the number of installed
unit omultiplied by their unit capital cogt ! (®/unit) (in the case of power and heat generation
units €.g.,CHP and boilefsthe capital cost is defined as ($/kMMaied, SO it is additionally

multiplied by its rated capacitidd ) andconverting the present value of the capital cost to
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annuity ($/yr)by means of the capital recovery factér )& Capital recoverfactor (CRF) is
calculated using@ 'Y 'O——— Wherei (8%) andd "Q(€8)years) denote the interest rate and

the life time of the energy hukespectively

The electricity and heat demands are satisfied asaagrario andh hour of dayd through the
following energy balance equationsing equation$4.16) and(4.17). Electricity output is fixed

to meet demand while heat output is allowe@xoeed demand if necessary due to excess heat
from CHP units.

I oh

Ca
¢
Ca
>5¢
>5¢
>5¢
Ca
p=xj
p=xj
p=xj
Cc
=y
=y

0  hhk
(4.16)

O frr 0 hA ben
(4.17)

whered yn (kW)andd j; (kW) are the haorly electricity and heat demands, respectively
The optimization problem is further constrained by various physical requirementsertegy
hub unit takes in a certain type of energy or mihe®s/ and outputs different kind of energy or
mass flow.Thermodynamic efficiencieareusedin the following set oequationg4.18)-(4.20) to
calculate the convertedutilities produced by energy hub units such as storing unis, (
electrolyzer and fuel cell) powemits (i.e., CHP) and heat generation unft®., boilerg. The
efficiency of the system depends on the condition and operating regime of the unit, however, for
simplicity, efficiencies are assuméal be constarfor all operating conditions in this study.

Orrr 0Opp— G | "BCHFO & "OPRS "8 "O8) & "t "Quide¥i " KD

Q & RWEDGH o
(4.18
Where brepresentshe conversion factor for the natural gas flowrét6.7 kWh/nd).
Ok 0 hpA- | @on
(4.19
0 ®ri Ork— I QR
(4.20)

Where O andOyp is the mass flow rate of hydrogen gas produced by electrolyzer and

leaving the hydrogen tankespectivelyin (kg/hr) ats scenario anth hour of thed day. The wind
turbine, however, is nahodelledusingpreviousequationsThe power delivered by wind turbine
to the electricity grid can be calculated using the follovaggation131]:
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Wherewt is a the represents the wind turbines types considered in this case study, two wind

turbines type where considered namélgrgent (20 kW) and Fuhrlander (30 kW), the
characteristic of these wind turbines can be four{d38] (FigureB.11in AppendixB).\Il is a
parameter denotes the electrical power generated by one wind turbind/)roflkype wt at
scenarics. U is the actual wind speed in (m/s) at scenaribhewind speed scenari@s well as
its corresponding probabilities frosection(4.2.4)areusedto calculate the power produced by
single wind turbinel . v is wind turbine specific characteristiepresentinghe cutin-
speedthe minimum wind speed at which the turbine blades overcome friction and begin to rotate.
Rated output wind speed (), for this speed and above, the wind generator is limited to its
maximum design output poweunt-outspeed§ ) itis a wind speed where braking system
is employed to bring the rotor to a stankisti prevent the wind turbine from damage. is the
wind generator efficiency. The rotor swept area and the air density are represantedig’
respectively.0 describes the fraction of the power in the wind that may be convertéueby
turbine into mechanical work. The maximum achievable value @ 16/27. The factor 16/27 is
known as the Betz limit or Betz efficiency, The Betz limit applies to any type of-drindn
maching/131].
Furthermore, Egations(4.22)-(4.25) determine the number of units that need to be installed
(designed) in order teatisfy demand. Also, they ensuhatoperation ofany energy hub unat
any time are within their corresponding capacities as follows:
For boilers and CHP units:
Orpp © G ) GCARO 6 "OPR "O& OBt ¢ QU Qe " i
‘Q & KD 0
(4.22)

For electrolyzerqi )tU O

0 W a | QA

¢

h

¢

(4.23)
For fuel cell
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(4.249)
For hydrogen tank
0bf & 4 | dofi
(4.25)
Whered is a parameter represent the rating capacity of each energy hufalie4.6).

‘00, is the amount of hydrogen stored in hydrogen tank ingkg)eh hour of thed day. From
previous equations all energy hub unit output such as power, heat or hydrogen resstthar
or equal tahe unit rating capacity’lhe number of wind turbines needed of eacti{wind turbine
type) to be installed can be determine using the following equation. In this eg{4##6y the
power that can be harvested by wind turbines at each scésgsdimited by upper and lower
power of single wind mill\{ ) multiplied by thetotal number of number wind turbines
The upper{' 0 ) and lower { U power of single wind turbine at each scenario
corresponds to the upper and lower limits of wind speed of each scenario.

ARV 0 “w\ 0

(4.26)

Hydrogengasflows from the electrolyzer to the hydrogen tamhere it is storeduntil it is
directed to the fuel cell when there is need for pogesrerationin order to keep track of the
amount of hydrogen stored at each time, a discretized dynamidailasseon hydrogen entering
and leaving the tanks applied as described in the following equatiqd7)-(4.28). These
equatiors weredesigned such that for a given scenario, if the hydrogen produstiagh due to
an excess in wind energy, the excess hydrag#nbe stored for use at different seeios that
have low hydrogen production as a result of low wind power. The hydrogen level is not stochastic
(not function of uncertain scenarios) but it accounts for all possible uncertain wind speed

realization scenarios.
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=
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4.27)
00F 00 1 0 sr O ki Q piQ p

(4.28)
The second equation is added to link between the first hour of the latter day with last hour of the

former day. It can be noticed from this equation that the input and output hydrogen flow rates is
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weighted and summed by theopability of each stochastic scenario to account for all possible
scenarios.
Since the energy storage technology cannot be charged and discharged simultaneously binary
variables (Qf ; charging statusQ "Qj, discharging statusjreintroduced to track the doff
status for the electrolyzer.€., works as charging unijtand fuel cell ie., works as discharging
unit) at eacts scenario anth hour of thed day.In the following equations, the big formulation
[135] is used to ensure no hydrogend power flowleaveout the electrolyzer and fuel cell when
they are off.
Ok QO I QR
(4.29
O wrn QQir 0 ol
) (4.30)
Wherel is a big numberdQp; andQ Qi are binary variables that represent the on and off
states of electrolyzer and fuel cell units at each at sastenario anch hour of thed day,
respectively. In ordeo prevent the electrolyzer (charging status) and fuel cell (discharging states)
from running at the same time, the following constraint is add3®)
Qrp QQir p ! BOA
(4.32)

4.4 Results and Discussiors

Thefull-size dectricity and heat demaralong withthe cluster curvegenerated isection4.2are
employedas inputs for the present energy mlhnningmodel. The objective cost function is
multiplied by afrequency parameteeferredto asi (aspresentedn equdion (4.32)) that allows
comparing the original demamthtasetvhich has a dear time horizon and the clustered cases.
The parameter represents the number of repetitions (frequency) for correspoddiiay or
cluster The parametégr is equal to 1 when the originélll-size)demand data is usgdndis

equal tahenumber of daythat represent a clustehen the representative cluster curvesiaid.

4 QB YO w6 o6 U0 ®w 600 ®w o600
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For the resof this chapter we will call the eneng hub that considers the originalke(, full-size)

hourly heat and electricity demands for 365 days the original energy hub model (original model),
whereas the energy hub that take into accounadd 6 hourly loads clusters from previous section
(section 2) (clusters are considered as days) the cldsteergy hub model (clustered mod&he
energyhub optimization problem was developed in GAM®&d solved usingCPLEX (MILP)
solver[15] with relativeoptimality criterian solver equal to 1® Thesimulations were carried on

an Intel(R) core i7 (R) 4.0 GHz, 16 GB RAM personal laptop

4.4.1 Results Without GHG Emissions Constraint

Figure4.6 shows the objective function values along with the relative error of the clustered energy
hub model cases in comparison with the original,(optimal) energy hub model. As it can be
shown inFigure4.10, all clustered cases underestimated objective function value comparing to
the original cae. The objective function values of the normal clustered energy hub cases are closer
to the original optimal energy hugmlutionthan the sequence clustering cases. The relative error
of the objective functions of the clustered energy hub model compatld original energy hub
model is ranged betweefh % and-10 %. Additionally, the higher the number of clusters the better
the solution qualitys, for both normal and sequence clustering as the solgapietween the
clustered cases and the originate become smallekdditionally, the average absolute relative
errorof all weight factoiis also presented irigure4.10. In other wordshigher number of clusters
implies more representativeness of the actual d&ase errors are inversely proportional to the
number of clusterdt can also beoncludel thatthe objective function values for the clustered
cases does not vary considerably as a function of the weight fatoasiseboth heat and
electricity exhibit partially similatemporaltrajectory.Insetin Figure 4.10 also illustrates the
advantages of clustering applications in terms of solution time. The bar chaguire 4.10
displays the average solution time of all weight fatoeachclusteedcase run anthe solution

time of theoriginal energy huimodel. As can beseen from the bar chart with a vertical logarithmic
scaletha, solving the clustered energy hub models are tremendously faster than the original energy
hub model. The average.€., between ~50a 100 second) time required to solve the clustered
casesnergy hub is shorter by 2 order of magnitude than solvingrtpmal energy hub model
(i.e.,~7000 second).
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Figure4.10. Comparison between original and clustered energy hub solution in terms of solution
quality and time

In order to examine theultiscale clustering approachademand dataffect on the design results

of the energy hub moddfigure4.11 was generatedrigure4.11 shows a comparison in terms of
decision variablesolutionbetween original energy hub solution asldstered case®r weight

factor 1,4 and 8 As can be seen inigfigure, the higher theumber of clustergshe more closely

are the design decision results of the clustered cases to the original case. Moreover, the installed
generation capacity is following the same trends. It is worth notinghieatsults of weight factor

1 showvs slighty better performancevhen normal clustering is applicithan other weight factor

since it tends to align more with the heat demand. Due to higher inconsistency and fluctuation of
the heat demand, a better design decision variablec{oser to the oginal casewasachieved

by prioritizing the heat demanddditionally, it can be illustrated that the clustered caseshe
decisions ofinstalled capacity for power and heat generation are generally underestimated
Specifically, the powegeneration capacity design decisane underestimated laylower margin

than the heat capacity design decision, when compared to the original rfudet because of

total heat production rate in equati@hl?) is allowed to exceedemandjf necessaryyhile an

equality constraint is imposed on the power balance to satisfy the electricity demand
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Figure4.11. Design results comparison between original and clustered energy hub cases

The effect of multiscalelustering approach of the demand data on the energy hub operational
decision are depicted igure4.12. Figure4.12 presents the total energy hub utility production
rates for the normal and sequence clustering cases for weight factarsll8 #he figure display

the error associated with the total wyilproduction using clustered cases relative to the original
case. The figurindicatesthat the errors in the total production rate from boilers are higher than
the errors associated with electricity and heat production from CHPisThis toequation(4.17)

that allows the heat production to be greater than the demand wlendasity output is fixed to
meetthedemandOn the other haneé)ectricity production rate using clustered model is very close

to the original model. It can be concluded that using the clustering approach is an effective tool to
reduce the size of the original model while maintaining good reSiislarly, one can atice that
increasing the number of clusters impretige solution qualityas it closes the gap between the
original (.e., nonclustered casesand clustered case#loreover, aswas expeced, normal
clusteringhasabetter solution quality (i.e., closdesign and operational decisions to the $ide

energy hub modeljhan sequence clusterifgecause othe additional restriction added by
sequence clustering. The clustered cases energy hub model underestimated the installed design
capacities ofeboilers since they are cheaper (have less aiffette objective functigrand as a
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result of that, the total heat rate generated by reboilers using the clustered case energy hub model
are less than the original case.
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4.4.2 Environmental Considerations (CQ emission regulation)

It can be seen from previous results that according teuhent parameter, the optimization
programemphasiseé to have neither single wind turbinesnor storing unitsinstalled This is
because renewable energy is usually more expensive than traditional fossilHowkever,
renewable energy resources elearer alternatives to fossil fuel, arlthvebeen widely integrated
with current energy higandmicrogrid systems to mitigateHG emissionsi(e.,COp, CHs, NOx).

It is also clear that the essence of this study is to integrate the power system witdmevigyl
Therefore, in order to force the optimization progransetectsome wind turbineand energy
storage units, C® emission constrainis introduced and imposednto the energy hub
mathematical model as shownequation(4.33):

06 f r 1202 60k,

(4.3
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WhereO & denotes the totaquivalentmass of C@Qemissions from the energy hub system per
year | is the emission fact@ssociated witOnt ari o6s natural gas and
kg/kWh)[113]. | is the limits that enforce on the G@missions. In this case study, only the
emissions from fossil fuel units (boilers and CHP) are considered while, emissions associated with
renewable energy generation units.(wind turbines) and storage units aredaggd since they are
relativelynegligible compared to the fossil fuel generation units.

A sensitivity analysis on the objective function variable and thee@@ssions was dorte check

the validity of our mathematical probleand see if the optimizatiosill force to install some wind
turbines and energy storing facilitigsgure4.13 shows the change of the total annual cost and
the number of wind turbines tha¢ed to be installed as a function of f&ission|( . The figure

was generated using a clustered case energy hub modé mattmal and sequence clusters and

of weight factor 4 (50% emphasis on heat and 50% emphasis on electricity data) sincedhey are
better representative (have lower IAE) of the whole year demandAdatacan be noticed that

there are upper limits for which occur at the highest total annual cost. This happens when the
emission constraint is not active (same solution of sedtib1) and the number of wind turbines

that need to be installed are zero. Following this, when the value oflecreases, the objective
function (total annual cost) increases and the optimization program forces the installation of wind
turbinesat the same timeThe greater the reduction in the amount ot €@issions, the higher is

the number of wind turbines that are picked by the model to be installed at more expensive total
annual cost. It is worth noticing that the trend of results from the yheitg optimization model

when using both normal and sequence clusters are nearly the same as function péthssihs
reduction. Furthermore, at highlevel of CQ emission, reducing the G@mission has a lower
effect on the objective functipbutat lower CO, emission level, reducing the G@mission comes

with additional cost that arise from installing more storage units to help dispatch the wind power
more efficiently.

It is proposedn this study to reduce the G@mission| by 20% from its upper limit (the GO

at the lowest cost when theegeno limit to CQ emissions). Allthe following case studies in the

remaining sections will use the above emission guideline.
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4.4.2.1 Resultswith GHG Emission Constraints

The effects of weight factor and number of clusters on the objective function value are illustrated
in Figure4.14 when the CQ@emission constraint iactive. The objective function values along

with the relative error of the clustered and original energy hub cases are shbisfigure When

clusters emphasis more on heat demand (at weight factor 1), the results of the clustered cases
energy hubi(e., total annual cost) are much closer to the original energy hubltasealsobe
seenfrom Figure 4.14, that for normal clustering at weight factor 8 (when prioritizing the
electricity demand) the highest deviation (highest relative error) from the original case is occurred.
In between weightdctor 1 and 8 there is no clear relation between the weight factor and the
solution quality of the clustered cases. Sequence clustering results exhibit less variability as
priority switches from heat to electricitfFurthermore, the average of the absotatative error

for all weightfactorsare also presented Figure 4.14. The average relative error values are
convergingowardseach othe(i.e., reducing by higher number of clusterahd normal clustered

cases have slightly less average error than the sequence clustered cases. The average solution time
for all weight factor of each cluster case rue.(4, 5 and 6 clusters) along with the oridiaaergy

hub solution time are displayedtime same figureifisetFigure4.14). it can be realized from the

bar chart that the time required to solve the clustered cases energy hub model are tremendously
shorter than the original energy hub model. The solution timkeobtiginal energy huh.¢é., ~

65137) case is greater by 3 oglef magnitude than the average solution time of clustered cases
energy hubi(e., between ~50 to 100 seconéJso, one can observe that solving the energy hub
modelwith considering the caon emissiorregulation Figure4.10) is muchfaster than if there

is no environmental consideration (it is less by 1 order of magnitude). When thee@id§ons
constraint is activehe optimization program decided to install storing and wind turbines units in
order to keep the carbon emissions within the desirable level. As a results of that, larger number
of nonzero variablesd.g.,continuous varibles associated with power flow to/or from the storing

units, hydrogen flow rates, power directed from wind turbines and binary on/off variables for
charging and discharging storing unit) are handled by the optimization problem, hence, the degree
of compleity is boosted. On the other hand, there is no significant differences in solution times

of the clustered cases energy hub when the environmental constraint is considered or not

The effects of number of cluster and weight factors on the design decis@ainiesof theenergy

hub model when the GHG emissions constraint is active are demonstraigdrev.15 Figure
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4.17. Figure4.15 shows the design variables solution of the fossil fuel units as a function of all
clustered cases runs with weight factor 1, 4 and 8 along with the results of the original energy hub
model. As it can be seen from this figure that the weight factor hagmdéicant effect on the
design decision results. The higher number of clusterslteerthe design decisianof the
clustered cases to tleiginal (.g.,5 normalclustershavesame number of CHP100 units as the
original case and the 6 normal clustensh weight factor 1 has the exact same design of the
original case). This can be better demonstrate8igyre B.12 in AppendixB which shows the
installed capacity of power and heat generation for all clustered runs with weight fatandl,

8 along with original case Furthermorein all clustered cases, the optimization program avoided
installing any CHP300 and boiler530 units which aligns with the same results suggested by the

original energy hub, as these two umitsthe largest unitthat powerd by natural gashich can
correspond to the highest carbon emission.
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Figure4.15. The number of energy hub units powered by fossil fuel that are installed unger CO
emissions regulation
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Figure4.16. Number of installed wind turbines suggested by original and clustered cases under
CO, emissions regulation

The number wind turbines that needed to be installed fauatiezed cases runs with weight factor
1, 4 and 8 along with original case model result is display&igure4.16. The figureindicates

that as the number of clusgincreasethe gap between the number of wind turbine suggested by
cluster cases and original case is redugédveight factor 8 (prioritzing electricity demand) for

4 and 5 normal, the optimization model overestimated the number of wind turbine by a large
margin. This can explain the high error presenteBigure 4.14 for the value of the objective
function of those two cases

Figure4.17 showsoptimal number o§toring units of the energy hub model under@@issions
regulation using clustered and original data. As it can be seen from thisdomostof clustered
casesi(e., sequence and normal clustering) storing units results are in very good agrdesment t
original energy hub modeksults.lt also can benoticed that some of sequence clustering results
are overestimating the number of hydrogen tank needed.
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under CQ emissions regulation

To examine the operational decissosolution quality of applying the multiscale clustering
approach of the demand data on the energy hub undeer@®sions regulatiorkigure4.18 and
Figure4.19 are generated hefigures illustratethetotal energy hub atilities production ratef

each unit including heat, electricity and hydrogen for clustanebbriginal caseThe total utility

production of each unit is calculated ®iynmingug he uni t 6 s p wyeadioueadchi on o0 Vv

stochastic scenario and taking the weighted probability sum of all scerragore4.18 depicts
theutilities production of units powered by fossil fueé(, CHPs, and boilersyhile Figure4.19
displays the total utilities produced by wind turbines siwding units i(e., electrolyzer and fuel
cell). The figures also show thelativeerror in the total utilities production using the clustered
caseswith respectto the original caserigure 4.18 shows that all utilities production rates of
clustered cases are in very good agreement with utilities produced from energy hub vilién the
size demand data is used. There is no significzariation between the amount of heat and
electricity produced by CHPs for all cluster and original case. However, whensggjognce
clustering, the relative error associated with boilers heat production isimigigure4.19. there

is a larger degree deviationbetween clustered cases and original case restltstotal amount

of electricity produced from wind turbines and fuel cell. Furthermore, this devibon the
original case results is even bigger for sequence clustering asdriotibe samefigure. Despite
these errors, the proposed clustering approach cahestitinsidereds apowerful size reduction

tool. This is because the design decisionalades of clustered cases are close to the original, and
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the total production rate of heat and electri¢fygure B.13in AppendixB) from all clustered

cases are very close to the original and their relative eresmidd exceed 20%
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4.4.3 Stochastic EnergyHub Formulation Assessment

In order to assess the benefit of the current energy hub model formulation and its ability to store
energy under different wind scenarios, the average power sent to the electrolyzer and the average
power received from the fuel cell for each stochastic ateraredisplayedin Figure 4.20 and
Figure4.21, respectively. For simplicitythe yearly average power of each hour of the day for each
scenario is displayed (the average power flow of each hour with respect all year days for each
scenario). The energy hub model with the 6 normal clusters and weight factor 4 is used to generate
theresults in these two figures. Using clustered case data for this assessment is easier since its
solution produces smaller size of data than the original edsere these clustered cases mimic

and follow theébehaviouof the original case solution. Theage of the clustered energy hub model

in the current assessment shows a direct applicability of implementing the proposed clustering
method. FronFigure4.20, the rateof charging i.e., power directed to electrolyzer to produce
hydrogen) is higher with higher wind speed scenarios, which means that more energy is stored
when the availability of wind energy is higAs an increase in scenario number indicates an
increasein the wind speed as well. Furthermore, at times when demand is relatively low the
optimization model stores more energy. On the other handartegident fromFigure4.21, that

the rate of discharge from the fuel cell is inversely proportional to the wind speed scenario number.
Additionally, most of the discharging power from the fuel cell happens when thendesnthe

highest.

To examine the efficiency of the stochastic programming method, the value of stochastic solution
(VSS) is calculated20] stated that theSShelps in determining whether it is beneficial to fiet

first stage decision variables in the stochastic optimization problem based on the solution obtained
from the expected valu&V) problem. In other words, VSS represents the extrapsndby the

decision maker for not considering stochastic programgmmethod (not considering
uncertainties) In order to estimate the VSS, the solution to the (EV) problem needs to be
determined.The EV problem in our case is the solution of the deterministic energy hub
optimization problem bwtilizing the expected valué.€., mean) of the uncertain parametee.(

wind speed)In the next stepthe first stage decision variables (design decisiauircase study)
obtained from the expected value problem (Ere used as input parameter and fixed inwhee

stage stochastic energy hub optimization recourse problem (RP). Subsequently, solving the

resultant RRuponfixing the first stage decision riables callecexpected result of using the EV
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solution(EEV). The EEVgivesthe solution to the second stage decision variables when the first
stage decision variables have been fiXx¢8S is representday thedifference between EEV and
the RP

Table4.7. Values ofobjectivefunction for the RPEV and EEVproblens

Results EV EEV RP VSS
i — Without
Otz‘gftg’nenzugcgg’s? environmental 3794115 379411 379411 0
($/yn) consideration
with environmental | - 5021 6 | 455561.6 440729 | 14832.66371
consideration

Table4.7 presents the solution of the EV, EEV and RP for the energy hub modelitaitsd with
environmental constraint (GHG emission regulatidime results of this table were obtained using

the 6 normatlusterswith weight factor 4 as demand data for the energy hub model since they are
a better representative (have | ower | AE) of
clear that when there is no environmental consideration, no benefit is gained by $ioéving
stochastic programming problem (VSS = 0).

In contrast, when the emission constravasactive,the VSS is estimated to be 14832 $/yr (VSS

= EEV-RP). The positive VSS value proves that considering uncertainty mdbdellingof the
energy hub is beneficial. Additionally, although the EV (deterministic solution) has the lowest
objective functiondeterministic formulation solutios insufficient kecause it relies on a relatively
small segment of information (average wind speed) that does not sufficiently explain the real wind
speedbehaviour(i.e., not true representatives of the annual wind data). Therefore, it can be said
that wind uncertainty f®a strong effect on the optimization solution when environmental

regulations are considered as proven by the value of VSS.
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Figure4.20. Average charging power for each stochastic scenario
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Figure4.21. Average discharging power for each stochastic scenario

4.5 Conclusion and Future Work

The present work targets thmultiscale stochastic energy huodelling using a clustering
approach.The clusering approach was employéd reduce themodel size by representing the
yearly days by

Atypical 0 dayas consagringhaterimeat i ves
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periods €.g.,hour) for the wholgeardata results inalarger and intractable moddlhe clustering
problem with multiple attributes wasodelledbased on mathematical programming approach
which resulted ira multi-objective optimization problenThe weighting method approach was
utilized to tackle thisproblem Although the approactassimple, the computational complexity

of the clustering algorithnwas evident as its computational(i.e., running) time was long.
Therefore, heuristic size reduction approach based on the general formulation clustering approach
was employed to cluster the given demand datshortertimes. Results shows that heuristic
approach can reduce the clustermgningtime by 2 ordersof magnitudethan the general
clustering approagland generategery close cluster@.e.,close clusteringneasurejo the original
clustering approaciThe present clustering algorithfinclude heuristic approach derived from it)
features many unique characteristitizatgives it advantagesver otherclusteringappoach One

of these features is the ability to attaiarmal and sequence clusterirgnotherfeatureis its
flexibility to changethe internal clustering measure, therefore, different type of clustering
measures can be appliédfurther featureas the ability to tunattribute weights which offao the
decision makethe abilityto prioritize attributes thataremore importantFor example, in this case
study; it was concluded that giving priority to the demand data with higher variability erdhance
the solution othe energy hub model.€., closer to the solution of energy hub model urfdér
sizedemand daja

A Weibull distribution was used to model the intermittent behavad wind speed datarhe
design and operation of energy hub systera madeled as stochastic problem undgrcertain
wind speeds utilizing clustered demand data (heat and elegtricity

The multiple clustered demands appliedthe stochastienergy hubmodel to reduce the model
size.Results whenherewasno CQ emission regulatigrindicated thathe relativeerrorsof the
reduced size energy hobjectivefunctiorswith respect to thaull-sizemodewereranges between
-4% and-10%. It should also be stated that tiirae required to solve the clustered energh hu
modelwas shorter by @rdersof magnitude than solving thell -sized energy hulplanning model

The effect of the clustering approach on the design and operational decision of the energy hub
model wasssessed. It wasncludedhatthe longtermdecisiongi.e.,design decision variables

of clustered caseserein very good agreement withefull-sizeenergy hub modtor both cases

of GHG emissions regulatiorsimilarly, most of the operationdkecisiors representedly thetotal

productionrate of utilitiesusing clustered modelvere close to théull-sizeenergy hub model
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when theGHG regulationwas not activeOn the other handx larger degree ofieviatiors was
noticed whenGHG emissionconstraintwas active Regardless of theseeviatiors, the total
production rate of heandelectricityfrom all clustered cases were very close to the origiase
(full-sizemodel)and their relative erratid not exceed 20%-urthermoretheresults show that a
closer objective function to tHell -sizemodel was achieved when the number of clustersases

for both normal and sequence clustering. Normal clustering results were found to be better than
sequence clustering in termshafthobjective functiorandmultiscale decisionariableslt can be
concluded that usinthe clustering approach is affeetive toolto reduce the size of the original
model whilemaintaining good results.

It was demonstratefom the example of adding GH@missionsregulationto the fullsize
stochastic energy modethat stochastic modetomplexity can beboosted byadding extra
constraints or considering more stochastic scenaribsrefore, thereduction of multiscale
stochastic energy hub model sizedpplyingthe multiscale clustering approach become crucial
Applying the suggesteadlemand reduction method willl@w decision maker to study different
cases ofenergy hub modele(g., using different hub architecturechanging the number of
stochasticscenariosandaddng morestoring and obtain satisfactory solution at reasonable time.
As it was proven fronthis study that the solutior{design andperationaddecisions) of solving
energy hub model with reduced size demand are very closegoltti®n of fultsizeenergy hub
model.

The developed stochastic energy hub model showcases the advantagesroétihéocmulation
where the model suggestions (solutions) considered the unckdhaviourof wind energy.
Additionally, it can bestatedrom the assessment domestochastic formulatiomodelthatwind
uncertainty has a strong effect on the optimarasolution when environmental regulatiomsere
consideredas proven by thpositive VSS. As the \5Sindicatesthe extra costhat thedecision
makerhasto pay fornot usingthe stochastic programming method.

Future works can include thapplication of the proposed clustering approachdifterent
multiscale planning problem. Thetochasticenergy hub planning modelan be extended to
include capacity expansigrlanning decisiogito satisfymultiple attributes demandt would be
interestng to use forecasted demand data to plan energy hub system, as this case study was limited
to implement historical demand data into multiscale modeling. Theretwesakstingechniques

can beemployedo forecasthe future demangslustering approachiwbe applied taeducethe
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size of these multiple attributes demamidere they can be used as input to the energy hub
planning orcapacity expansion modeAnother exampleof future work is thathe multiscale
clustering approach can be applied to superstructure hmgdepproacho design new chemical
or power plarg Therefore, instead of solving the swgiascturemodelfor a 1-day profile that
represerdthe whole yar, it can be solved faeveral representative days that are more likely to
reflectthereal behaviar of demandFurthermorethe clustering approach that was proposed in
chapter 3 to generate stochasttenariocan be used in this case studygenerate reduced size
wind sped scenarios.
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Chapter 5 Machine Learning Approach for Modeling and
Optimization of Complex Systems:Application to Condensate
Stabilizer Plant

5.1 Introduction

Gas condensate svaluable liquid product that is recovered from natural gas. Condeissate
present in raw natural gas from many natural gas fields addosity mixture of hydrocarbon in
the form of both liquids and gaseous components. Afisrécovered from naturalag, it can be
converted to different petroleum fuel produa.(jet fuel and gasoline) or used to dilute the heavy
crude 0il [136]. Raw ®ndensatecan be separated fromatural gasusing a multiple phase
separatgrhowevercondensate its natural gas forrnamot be stored or exporte@hereforegas
condensatenust undergo treatmenivhereit will turn into commercially acceptable forrior
storage,exportation,and transmissionpurposes Gas condensat&eatment typically includes
separation oflissolvedight hydrocarborgasesomponentsi(e., methane and ethane) along with
lowering its sulfur contents i(e., hydrogen sdide, mercaptans, etc), reducingwater and salt
contents to the desiresfandardevels[137]. Additionally, the vapaur pressure of the processed
condensate should be within certain recommended rangeeventcondensatérom forming a
separatgasphasen pipelinesand storage tanks as ligttmponent tent to escatiee processed
condensateReid vapour pressure (RVP) is commonlgedas ameasureof the volatility of the
condensate anather petroleum products.g.,gasoline) so the higher the RVP the more volatile
componergarein thecondensater hereforeyaw condensatehould undergstabilizationto meet
therequiredspecificationsin stabilization proces the lighendcomponents are stripped drgm
the heavier hydrocarbonghich will reducevapourpressure of condensate alomigh their RVP
and hence, theformation of the vapour phaseill be avoidedwhen transferring them to
atmospheric tanksTypically, flash vaporization or fractionatioprocessesan beutilized to
stabilize thecondensate, Howevecondensate stabilization by fractionationmere comnon
choice in industrypbecause it can produeade range ofcondensate specificationd., required
vapaur pressureyith proper operating condition in single tow&®]. Stabilizationprocess also

involve reducing thesulfur content of the stabilized condensate ietwironmentallysafelevels.
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As the presence @&ulfurcomponentithin condensate (mostly43) leadsto significantcorrosion
problemsas well ast is considered verytoxic gas

Reliableand accurate stabilization procas®delling can predict product specification under
different conditionsandhelp stulying differentscenaris of operating conditionsAlso, it can be
used tooptimize operatingconditionswith the objective to minimize the operational costs.
However, stabilization is a complicated chemical proa@sdmodellingit based on detailed mass
andenergy balane will require significant effortandis computationally expensiv® solve
Moreover,it would be evenmore complicatedo solve thesealetailedmodels when they are
combined with optimization routiné@0], [11].

Modelling of stabilization process can also developedisingavailable commercial simulation
softwarein which they can obtain accurate results. Howethesecommercialsoftwareare not
opensourceand compilingthem withan optimizationframework isa challengingprocedureto
apply[12].

The recentadvances in machine learningethodshave madeinput-output modelling approach
more usble as approximation surrogate modelssing plant dataor data generated from
commercial softwareAs machinelearningmodelshave proven their abilityto generateaccurate
alternativemodels. Additionally, thevailability of plant data is another factor tHat machine
learning gain more significant attention due to its ability to deal with massive amount of data.
Neverthelesseal data should Heandlel with cautionasi t 1 sndét devoid of mi s:
and falty measuremenand using them witbut pre-processingould lead to inaccurate prediction
models.

Severalstudies had been conductedwhich machine learningnethodswere applied to model
differentchemical procesg-or exampleKazerooni[51] developed an ANN model that predict
H>S contentandthe RVP of condensatstabilizerplantbased on plant datén this studya small
setof data that include onlwo features was used to train the ANMNother study implemented
SVM regression teredict the condensate RVP and sulfantent basedn real plant datfl?2].
Nevertheless, both dhese studieslid not perform noise removal from plant data nor process
optimization.Salookiet al[138] implemented ANN to prediciutputsof the regenerator column

in agas sweetening plant usiegperimental datdesign experimennethodalongwith statistical
regressioranalysis wer@appliedby [139] in their studyto generatelifferentsurogatemodelsfor

natural gas treatment based on ddainedrom commerciakoftware Afterwards,thesemodels
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were used into optimizatianodel to perform process optimization. However, only few data points
were used to generdiaear andsecond ordepolynomial thatveremore likelyto not captureghe
underlying plant behavio. In a recent study conducted Bhalabyet al., [140] developed a
machne learning approach to predi€€O, postcombustion capture uniand performed
optimization over theleveloped models, however data were generated from commercial software
(gPROMS)[140].

To best of ar knowledge there were no studies tlmplemented the integratioof machine
learning modeldased orplant data intgrocessoptimizationmodellingin comprehensivevay.
Thereforethe main goal of this chaptas to construct inpubutput machindearning approach
models thatcan predict condensate stabilizdsehaviouy and be usal in condensate stabilizer
processoptimization In this study, large size pladtataare used tobuild different machine
learning models. Before building the dabaven models, different outliés detection methodare
implemented and the one thadrrespondso the best linear regression sc@@sedto clean the
data. After that, clean dataeundergone feature selection proceduoeest if removing some
input variableswill improve prediction accuracy. Then, cleaned dataused to train different
machine learning modetbat includes linear (Lasso and Ridge regression) and non(iBedt
and deep ANN)nodels.Detailed model developmeritsat include tuningno d ephranteterare
presered Comparisorbetween these modeis conducted and the best modekelected to be
integrated into process optimization modehe best model caserveasan accurate and more
convenient replacement of detailed fppshciple models o plantdata.An optimization framework
based ontrustregion constraintalgorithm is propcsed. Firstly, the selected machine learning
model that predict condensate specificatiare.( RVP, water content and .8 content)are
integratedas constraints into the optimizat framework. The purpose of the optimizatisno
minimize the energy consumption represented by reboiler flowtate satisfyingthe condensate
desiredspecification Then further developmenareadded to the optimization framework where
another machine learning modelpredict thesteam flowratés developed anthtegrated within
the optimizationobjective functionFigure5.1 showsschematic of the integration of dadaven
prediction models (machine learning) inke processoptimization of condensate stabilizdhe
development of surrogateased optimization in this chapter s@rve as a general framework that

can be applicable to a wide range of chemical process.
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The rest of this chapteis organized as followsA descriptionof the stabilization process is
presented in the following sectigsection 5.2)After that, datapreprocessinghat include outlier
removal, featureselectionand normalizationis presented ithe third section(section 5.3) The
fourth sectionincludesdifferent machine learning modeldevelopmentand modelvalidation
(section5.4). The proposed pcessoptimization framework is explained in théfth section

(section 5.5followed up byaconclusion in the sixth sectigeection 5.6)
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© =
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& 8 e
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Figure5.1. Schematic representation of the@posed datdrive surrogatdasedptimization
framework

5.2 CondensateStabilizer Process
Natural gasoriginatingfrom the wellbore, is a multiphase mixture containing solids, water and
mixture of hydrocarbons that includes volatile light hydrocarbaes ¢ondensate) which can
cause dangerously high vapopressures in upstream processing equipment. The condensate
stabilization process is a natural gas treatment process that recover light hydrocarbon from natural
gas to store it or use it afuel. The $abilization process takes place at early stage of natural gas
processingA schematic representation of condensate stabilization process is sHeéigura®b.2.
Firstly, the coming gas from the field enters slug catcher followed by one or morephmaste

separation units where primary gas/condensate/water/solid separations are taking place. Water
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and solids from this stage are processed in a separate water treatment plant for. digpleshle
condensate from the separator is fed to the stabilizer feed drum to provide the feed of the
stabilization towerAfter that the liquid is stabilized throughstabilizer column. The stabilizer

feed typically enters the top afpacked or a tratype reboiler absorber columAs liquid falls

through the column fromdy to tray, heavier hydrocarbons are stripped out from the gas and
absorbed by the liquid. Enefore falling liquid becomes leaner in light components and richer in
heavy components. Heat is added to the bottom of the column through a reboiler that is powered
by low pressure steam. Column liquid is circulated through the reboiler where it éeaparal

the formed vapar is returned bacto the bottom of the column. This circulation process provides

a series of stage flashes which drives the separation process. The bottom product (condensate) of
the column is cooled to prevent flashingwaipoursand sent to the storage. The overhead gas
leaving the top of the column &ther used as a fu@be sentlow-pressure fuel gas system)
recompressed and combined with the sales gas or fuel gas

To compression system

- A

Overhead product

Condensate from Stabilizer feed
slug catcher

A

Stabilizer feed Condensate Feed drum
separator
Water l
Water

Reboiler
Stabilized Cooler
condensate
Storagetank
-

Figure5.2. Schematiaepresentation of condensagtabilizeprocess

Stabilizer column

A
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5.3 Data Pre-processing

The stabilizer plants considered in this study are phtiwo different natural gas treatment
complexeslocated undestudy in southwestern part of the Emirate of Abu Dhabi in the United
Arab Emirates(UAE). The two natural gasomplexesare known by Hab5 and Hab 3,
respectively Theunderstudydata were collected for two different stabilizer plants at two different
natural gas complexes. The plants are named plant H&o5 complex) and plant 2 (fédahb 3
complex) for the rest of the study. The data for the two locations were collected in hourly basis for
1 year.

For Plant 1 data, two set of datareconsideredThe first set of data were collectddring a span

of one yeaat hourly basiswhile the second set of data watsocollected for 1 yedbut, in daily

basis Since the output variable of this dagat(second onejvasthe lab measuremenf water
contentwhich was measured once a da$o, every single measurement of water conteas
corresponthg to the average of the input process varialbbesthe same day (hourly process
variable data (24 houryereaveraged for 1 day). Both set of data has the same features (process
variables), while the response variables for the firstete RVP (psi) andHzS content in(ppm),

while the response variabfer the second is the water contentvillume percentagevol%).
Accordingly, plant 1 hasvo data sets which we will call them hourly (the first one) and daaty

(the second one that will be used to predict water confEaib)e5.1 reportsa preliminary list of
identified variableof Plantlwhere X holds the process variables and y holds the performance
(output) variables. MoreoveFable5.2 andTable5.3 reportasummaryof plant 1hourly and daily
datasets respectivelfrigure5.3 andFigure5.4 display scattematrix that can show the variation
(distribution) of each data variable and the relation between every pair of variables for plant 1
hourly and daily dataetsrespectively

For Plant 2 data, two identical stabilizer plant that work in parallel mode loragsuu Dhabi

Hab. 3 complex plant were considerethe data for the two plants were merged because the two
plants are identical and operate under sheme conditios Additionally, alarger data set for
machine algorithm training is more favourablle most casesjsinglarger data sefor training
machine learning modelgsults in more accurate and robust modelant 2list of input and
outputdataareshown inTable5.4. The inputs and outputs and their limits bsgedin Table5.5.

Scatter matripplot for plant 2 datas shown inFigure5.5.
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Table5.1. List of input and output variables of plant 1

Performance/targetvariables (response}
y

For the first set of data
RVP, H:S contentof stabilized condensate

Process/featurevariables (predictors)- X

Inlet gas flowrate, temperature, and press

Reboiler temperature and steam flow rate
Columntemperatures angressurs
Overhead product flow rate, pressure and
temperature (gas top product stream)
Condensatéowrate,temperaturdliquid
bottom product stream)

For the second set of data
H>O content oftabilized condensate

Among all these data points thaveresome missing values and some negative reddmngon
negativemeasuremestwhich areobviously wrong. False data readsngerefirst removed from

the data setdAfter that data visualizatiomwereperformed to see if there are apye-processing
(adjustmenbr modification)needs to be done. It was noticed that 2 series of data were given for
the flowrate of the condensate leaving #tabilizercolumn of plant 1. After inspection, it was
realized thathese twascenariosepresenting the flow rate of two pumps that works in alternating
manners. Therefore, the summation of these two flowrafgesentthe total condensate flowrate
that leaves the bottom of the colunfiigure 5.6 shows the variation in condensate flow rate for

pump A and pump B and the total flow that leaves the column.

Table5.2.Summary of o6plant 16 hourly raw

Variables Unit Variable detail Count Mean Std Min Max
Response variables (output variables)

RVP psi RVP 8016.00 2.13 1.12 0.01 7.25

H2S content cf H2S content 8016.00 10.32 5.34 0.00 20.00
Process variables (input variables)
Feed flowrate m?h Inlet flowrate 8016.00 7.82 3.21 0.14 26.52
Feed temperature e Inlettemperature  8016.00 31.91 6.58 13.76 48.41
eC 1 8016.00 130.92 4.37 108.63 147.82
eC 2 8016.00 120.44 5.11 62.71 134.77
Column temperature

e 3 8016.00 102.71 8.46 50.33 123.22
e 4 8016.00 84.82 10.85 23.74 115.43

barg A 8016.00 2.43 0.14 2.07 2.98

Column pressure
barg B 8016.00 2.53 0.14 2.14 3.06

119



m3h A 8016.00 5.47 5.92 0.03 29.13

Condensate flowrate

m3h B 8016.00 9.73 595 -0.02 31.95

Condensate temperature eC 8016.00 103.42 6.69 7491 126.05

Reboiler temperature « Reboiler 8016.00 158.36 0.98 152.46 164.14
temperature

Steam flowrate

Overhead gas from top m3h

ka/h Steam flowrate = 8016.00 625.71 281.91 108.06 1954.22

Flowrate gasrom

2.77

8016.00 539.93 481.76 -0.80 3228.48

Max

0.0371

22.87
40.46

140.37
129.37
118.57

101.47

2.76
2.88
21.92

121.32

160.32
1591.55
2579.16

100.81

2.70

top
Overheadtemperature o emperauref o406, go3a4 1144 3223 113.44
gasfrom top
Overhead pressure barg Prefssur@f gas 8016. 2.42 0.13 2.05
rom top
Table5.3. Summaryof glant 1bdaily raw data set
Variables Variable detalil Unit Count Mean Std Min
Response variables (output variables)
Water content Water content ~ vol % 334 00108  0.0049  0.0040
volume percent
Process variables (input variables)
feed flowrate Inlet flowrate m3/h 334 7.82 2.96 3.33
Feed temperature = Inlet temperature e C 334 31.91 5.61 19.50
1 eC 334 130.92 3.81 116.34
2 eC 334 120.44 4.42 102.40
Column
temperature 3 e C 334 102.71 7.25 71.50
4 eC 334 84.82 9.58 43.56
A barg 334 2.43 0.13 2.28
Column pressure
B barg 334 2.53 0.14 2.38
Condensate Condensate
flowrate flowrate m3/h 334 6.98 2.77 3.65
Condensate Condensate eC 334 103.42 561 83.43
temperature temperature
Reboiler Reboiler e C 334 158.36 0.91 156.51
temperature temperature
Steam flowrate Steam flowrate kg/h 334 625.71 264.81 219.83
Overhead flowrate " oWrateGas o 334 539.93  451.53 6.39
from Top
Overhead Temperature Gas eC 334 80.34 10.44 41.02
temperature from Top
Overhead pressure Pressure Gas barg 334 2.42 0.13 2.28
from Top
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Table5.4. List of input and output variables of plaht

Process/featurevariables (predictors) - X

Performance/targetvariables (response} y

Inlet gas flowrate, temperature, and pressu

Reboiler temperature and steam flow rate

Columntemperatures angressurs

Overhead product flow rate, pressure and
temperature (gas top product stream)

Condensatdéowrate,temperaturdliquid
bottom product stream)

RVP andwater contentof Stabilized
condensate
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Variables

RVP

Water
content

Feed
flowrate

Feed
temperature

Column
temperature

Column
pressure
drop
Column
pressure
Feed
flowrate

Feed
temperature

Reboiler

Reboiler

Feed
flowrate

Overhead
flowrate
Overhead
temperature
Overhead
pressure

Table5.5. Summaryo f

Unit Count Mean Std
Response Variables (output variables)
RVP psi 13617 6.56 1.92
Watercontent mg/kg 13617 56.92 11.35
Process Variables (input variables)
Inlet Flowrate m3/h 13617 353.66 41.96
Inlet °C 13617 11895  7.27
Temperature
1 °C 13617 198.58 9.91
2 °C 13617 167.76 8.87
3 °C 13617 162.38 8.82
4 °C 13617 144.31 8.43
5 °C 13617 128.07 7.50
6 °C 13617 91.14 5.55
7 °C 13617 83.20 5.56
Column
bar 13617 0.08 0.02
Pressure Drop
el barg 13617  9.83 0.44
Pressure
Condensate ' ..p 13617 201.86  34.58
Flowrate
SRR || o 13617  198.03  9.90
Temperature
Temperature o
(Inlet Shell) C 13617 173.69 8.55
Temperature o 13617 20148 858

(Outlet Shell)

Steam Flowrate  kg/h 13617 @ 16605.48 2808.45
Flowrate of Gas 13617 11503.92 1588.87
from Top
Temperature of . 13617 71.99 5.36
Gas from Top
Pressure of Gas barg 13617 9.85 0.41

from Top
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raw dat a

Min

3.76
33.00

1.69

22.84

25.33

26.52

26.40

26.16

25.99

25.78

25.54

0.00

2.32

2.17

24.99

25.36

25.80

20.06

0.37

2461

2.31

Max

23.20
87.00

547.14

159.77

231.43

200.28

193.43

175.87

162.29

124.62
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0.21

11.90

409.74
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232.22
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123.27
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Figureb.6. Variation in condensate flow rate for pump A and pump B and the total flow that
leaves the column

5.3.1 Outlier Removal

It is well-known that perfect readata without any outliers is almosbneistence Therefore,
cleaning data from outliers is very important step in-disitéeen modellingdevelopment. Outliers
areobservations that do not follow bulk pattern of the data points and are unlikely observation of
data[141]. Commonly, outliers are incorrect measurements that can be recognized immediately
andremoved from the data set. However, sometimes it is challenging to recognize outliers by
inspection andrisualizingdata setData set can be composed many input variables defining a
high-dimensional feature spaddenceyisualizing them irtwo dimensionss not possible

There are different methods that can be used to identify outliers. Some of these methods are based
on univariant statistical methods suchsaaple univariate statisticke: standarddeviation and
interquartile rangeandthe others ae based on unsupervised machine learning methods such as
oneclass classificatiosupport vector machingfdCSW). In this study several methodwere

usedto remove outliers as follows.

5.3.1.1 Interquartile Range Method (IQR)

IQR is a good statistic tool for measuring the statistical disperBl@nIQR of a set of values can
be calculated as the difference between the upper and lower quartiles. Forevgiv€2n) or odd
(2n+1) set of sample data, the number of valuesduattile Q is equal to the median of the n
smallest values. While the third quartileill equal to median of the n largest values. The second
guartile Q is the same as the ordinary med[ad2]. The IQR is calculated as the difference
between the third and first quartiles (IQR Q). After that Outliers are identified yefining
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limits on each feature sample values that are a f&ctdrthe IQR belowQ: (first quartiles)or

aboveQs. The common k factor value is 1.5 which is the value used in this study.

The IQR is a method that depends on statistical measurements, however, there are unsupervised
machine learning methods that can bgwlemented tautomaticallydetectoutliers @utomatic

outlier detection. Generally, outliers are referred @somaliesvherethe resetof datais normal

In machine learninggnomaly detectioproblem carbe effectively tackled by thadvances athe

oneclass classificatianTypically, oneclass classification iseferredto a subfield of machine

learning that focuseson the problemof detecting outlier or anomalyrhe goal ofoneclass
classifier is to capture patterns in the underlying training instancdgfearentiatebetween them

and potential outlierfl43]. Oneclass classification isubfield of machine learning focused on

the problenof detecting outlier or anomaly

There are a variety of automatic moth@lsed methods for identifying outliers in datdree
methods were considered in this study namiebecal Outlier Factor (LOF),Isolation Fores{IF)

andOne Class Support Vector Machine Classificaf@@€SVM). Following is abrief description
of these methods

5.3.1.2 Local Outlier Factor

It is an unsupervised anomaly detection method that identifies outliers by detecting samples that
are located far from the @hsamples in the feature space. It adopted the idea of nesigddiours

for identifying outlier by assigning acore of how isolated the object/sample with respect
surroundingneighboursIn other words, it computes the local density deviation of a given data
point with respect to iteeighbours Therefore, the outliers can be identified when its density is
much smaller than the densities ofritsghbourgwhere LOF is inverselyproportonalto thelocal
reachabilitydensity sothat LOF | 1), which means the point is far from dense areas. More

explanation on LOF can be found[i4].

5.3.1.3 Isolation Forest (IF)

Isolation Forest (IF) another unsupervised machine learningpéteed algorithm thgierforms
efficient outlier detectionlt works on the principle of recursion. In this algorithpartitions are
recursively generated on the datalsy random selectiaof: 1- feature and 2a split value between
the maximum and minimum values of the selef®adure Outliers can be identified when it needs

fewer random partitions to be isolated compared to the normal data points. In other meords, t
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random partitioning generatasticeablyshorter paths for anomalous differentiating them from the

normal set of the data. Further details on IF algorithm can be foihd5h

5.3.1.4 OneClass Support Vector Machine QCSVM)

OCSVM is alsanunsupervised machine learning algorithm thaised to identify outliers. It is a
modification on the general SVM model thaéarns a decision boundary (separation hyperplane)
and that maximizethe separation between the majority of the data from the origata are
projected into higher dimensiongppace in OCSVM using implicit transformation function that
can be defined by kernébnly small portion of data poistre allowed to be located on the other
side of the boundary separation hyperplane, where these points are considered to b 46}liers
The performances of these outlilatection methods on understudy data, setseevaluated using
linear regression. In order to do Hweaforementioned methods were first used to remove outliers
from our original data sets (remove outliers). For automated outlier detection, the datersets
scaled based on statistics that are robust to outliers and then the outlier detection werthods
performed. Robust scalimgmoves the median and scales the data according to the quantile range
of each feature (the range between tPleqaartile and the '3 quartile) [37], [38]. All outlier
detection methods were setlair default recommended settings.

Once datasetswere cleaned linear regression modeisere trained using the original and the
cleaned data sets to predict our output variables (response vaeap|&/P, S contentand
water content) of both plants. The crosdidation techniquesvere used to evaluate the linear
regression models for differenttlier detection techniques for both plants data.sEbe outlier
technique that corresponds to the best evadigation score (lowest MSE, highest\Wilue) score
would be used as the outlier removal method for that plantsgat@dable5.6 to Table5.8 below

list the crossvalidation scores of the plant 1 and plant 2 datausing different outlier detection
methods. As it can be seen in this table that IQR method return the best average (for both response
variables: RVP and #$ content) crossalidation (lowest MSE and highesf)Rvalue forthe
hourly data set of plant 1In Table5.7, it can be observed that LQfutperformsotheroutlier
detection methagifor plant 1 daily data sethile for plant 2 data set, as it cha seen imable

5.8. IF methodperformance was better thather outlier identification methods. Therefore, IQR
and LOCwould be used to remove outliei®m hourly and daily data set plant 1respectively
While, IF would be used to remove outliers from original plant 2 data set. Although the

performance of IF and OCSVM methods on plant 2 data are close, yet, IF is preéaaede it

127



removes a smaller number of data point compared to OCSVM, as a bigger dasansae

preferablen developingmachine learning modeThe input and output data statistical summaries

of the cleaned data sets are reporte@iables Table5.9-Table5.11)for ¢lant hourly data sg

(plant 1bdaily data setand@lant Ddata set respectiveljfter outliers are removed from all data

sets, the cleaned data will be usedonstructnachine learning model.

Table5.6. Outlier methods performanoemparison fofplant bhourly data set

Score meter R? MSE
Outlier d_etectlon RVP | H2S Content| average| RVP | H2S Content average
techniques
Original 0.2557 0.1794 0.2175 | 0.0179 0.0586 0.0382
IQR 0.7404 0.1933 0.4668 | 0.0019 0.0592 0.0306
LOF 0.2829 0.1905 0.2367 | 0.0198 0.0569 0.0383
IF 0.1708 0.1850 0.1779 | 0.0168 0.0542 0.0355
OCSVM 0.1816 0.2606 0.2211 | 0.0316 0.0471 0.0394

Table5.7. Outlier methods performance comparisondadant1 daily data set

Score meter R? | MSE
Outtggqugiztfggon Water content
Original -0.0534 0.0166
IQR 0.1309 0.0332
LOF 0.3240 0.0128
IF 0.1618 0.0160
OCSVM -0.1159 0.0384

Table5.8. Outlier methods performance comparisondwant DHdata set

Score meter R? MSE
Outlier detection RVP Water | average RVP Water | average

techniques content content
Original 0.4790| 0.2037 | 0.3414| 0.0051| 0.0352 | 0.0201
IQR 0.5855| 0.2347 | 0.4101| 0.0148| 0.0392 | 0.0270
LOF 0.5011| 0.2264 | 0.3638| 0.0126| 0.0344 | 0.0235
IF 0.6283| 0.2525 | 0.4404| 0.0043| 0.0285 | 0.0164
OCSVM 0.6435| 0.2201 | 0.4318| 0.0105| 0.0232 | 0.0169
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Feed flowrate

Feed
temperature

Column
temperature

Column
pressure

Condensate
flowrate

Condensate
temperature

Reboiler
temperature

Steamflowrate

Overhead
flowrate

Overhead
temperature

Overhead
pressure

Table5.9. Summary ofplant 6cleaned hourly data set

Unit

Count

Mean Std

Response Variables (output variables)

RVP
H.S contents

Inlet flowrate

Inlet temperature

A
B

Condensatflowrate

Condensate
temperature

Reboiler
temperature

Steamflowrate
FlowrateGas from

Top

Temperaturésas
from Top

Pressurdésas from

psi 6547 2.60 0.56
ppm 6547 10.15 5.40
Process Variableginput variables)
m3/h 6547 7.42 2.87
e C 6547 33.31 6.00
eC 6547 131.43 4.23
eC 6547 121.06 5.26
eC 6547 103.60 8.71
eC 6547 85.89  11.26
barg 6547 2.40 0.12
barg 6547 2.50 0.12
m?h 6547 15.19 2.77
eC 6547 103.34 6.79
eC 6547 158.53 0.95
Kg/h 6547 584.20 233.38
m3/h 6547 485.64 390.07
eC 6547 81.34 11.98
barg 6547 2.39 0.12

Top

129

Min Max
0.80 7.25
0.08 20.00
0.14 26.52
13.76  48.41

108.63 147.82

62.71 134.77
50.33 123.22
29.00 115.43
2.07 2.98

2.14 3.06

10.54 33.58
7491 126.05

152.46 164.14

108.06 1954.22

0.88 3228.48
32.23 113.44
2.05 2.77



Table5.10. Summary oiplant Icleaned daily data set

Unit Count Mean Std Min Max
Response Variables (output variables)
Water

Water content 300 0.0107  0.0048  0.0040 = 0.0371
content
Process Variables (input variables)
Feed Inlet flowrate m¥h 300 7.75 273 400 = 16.93
flowrate
Feed
Inlet temperature eC 300 31.94 5.69 19.78 40.46
temperature
1 eC 300 131.17 3.37 121.29 = 140.37
2 e C 300 120.55 4.17 102.40  128.55
Column
temperature 3 eC 300 102.48 7.29 7150 11857
4 eC 300 84.53 9.75 4356  101.47
A barg 300 2.43 0.13 2.28 2.76
Column
pressure B barg 300 2.53 0.13 2.38 2.88
Condensate 3
Condensate flowrate. m3h 300 6.97 2.57 3.65 17.39
flowrate
Condensate Condensate eC 300 103.91 5.21 88.55  121.32
temperature temperature
Reboiler o oboiler temperature e C 300 158.34 0.91 156.51  160.32
temperature
Steam Steam flowrate kg/h 300 615.70 247.21 270.03  1591.55
flowrate
overhead .\ rate Gas from Top  mdh 300 516.91  432.58 639  2579.16
flowrate
overnead | Temperature Gas from 300 79.91 10.52 41.02 10081
temperature Top
overhead Pressure Gas from To  barg 300 2.41 0.13 2.28 2.70
pressure
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Table5.11. Summary ofplant DHcleaned data set

Unit  Count Mean Std Min Max
RVP RVP psi 12170  6.30 1.12 4.01 14.43
LGS Watercontent mg/kg 12170  56.22 10.56  33.00 87.00
content
Feed
Inlet Flowrate m3/h 12170 358.57 28.65 235.59 497.99
flowrate
Feed o
Inlet Temperature C 12170 118.26 3.47 94.27 129.92
temperature
1 °C 12170 198.18  3.45 187.22  208.03
2 °C 12170 167.35  4.56 155.94  179.37
| 3 °C 12170 161.95  4.69 149.16  175.57
LTI 4 °C 12170 14354  4.69 127.99  157.40
temperature
5 °C 12170 127.30  4.05 114.33  141.69
6 °C 12170  90.63 3.86 78.31 104.39
7 °C 12170 8271 4.27 70.80 100.17
Column
pressure Column Pressure Drop  bar 12170 0.08 0.02 0.01 0.13
drop
il Column Pressure barg 12170  9.75 0.24 9.30 11.04
pressure
Condensate . joncate Flowrate m¥%h 12170 294.05  24.88 12624  391.87
flowrate
Condensate .. oncate Temperatur  °C 12170  197.64  3.49 186.88  207.23
temperature
Reboiler (Inlet Shell) °C 12170 17324 427 161.05  183.92
temperature (Outlet Shell) °C 12170 201.31  3.08 190.74  211.91
ﬂi\t;raart‘; Steam Flowrate kg/h 12170 16981.09 2413.30 10541.69 27370.59
(?l‘c’)‘jvrt‘;gd Flowrate of Gas from Top m¥h 12170 11618.97 1149.28 7615.07 16819.40
Overhead Temperature of Gas fromr oC 12170 7155 4.46 59 55 9219
temperature Top
OvEeRe Pressure of Gas from To| barg 12170 9.77 0.22 7.64 10.99
pressure

5.3.2 Feature Dependency and Selection
After outliers were removed from data,detest wergrerformedon the cleaned data set for each

response variable.-tést is a univariate statistical method that measure the degree linear
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dependency between two random varialpb&§. Therefore, Rest was used to explore the linear
correlation betweeall featuresandeachoutput variable for all given data se#sdditionally, F-

test valuevasusedto calculate the ®alue which is probabilityhatcorrespond$o theacepting

of the null hypothesis. Therefore, the lower thedfue the stronger the argument of rejecting the
null hypothesisi(e.,no linear correlation) and the more possibly that there is a correlation between
the two corresponding variables.q, input and output variable). The larger tikevalue the
stronger is the linear dependencytet and Rralue statisticareusuallyperformedto seevhether
there is a possible relationship between process and response varidbtdsvdfues foeach
feature with respedf eachresponseariables areshown inFigure5.7 andFigure5.8 for plant 1
and plant 2respectivelyTable5.12andTable5.13report theP-valueof each featuraith respect
each response variable for plant 1 ghaht 2 data setrespectively. As it can be demonstrated
from these figures, thatost of thenput variables have strong correlation with the certain response
variables, and some have weak correlationgeneralmostP-value results implyhat thenull
hypothesis isrglected, and possible correlatisrdo exist between most of inmuand output
variables.

A further investigation on the effect of the features space (feature selection) 4tegigy&ue for
prediction accuracy for eactesponse variablevas performed. More specificallya linear
regressiorwasconstructed to see hawemodel accuracyould be enhanced if some of the input
(features) with low Rest valuewere removed from the training data set(, subset of input
variables will be used to train the modét)jgure 5.9 andFigure5.11 showthe crossvalidation
MSE as a function of the number of features that keptain (develop}he linear modé using
plant 1 and plant 2 data setespectively Figure5.10 andFigure5.12 are generated to see the
same effect but with Ras a crossalidation score. As it cabe seen from these figures thbest
crossvalidation score (lowest error and highest\Rlue)is always achieved for all response

variable for both plastwhen all featuresvereused for training.
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Figure5.8. F-test values for plant 2 features vs target variables
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