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Abstract

The Organic Rankine Cycle (ORC) is one of the most e cient heat recgery tech-
nologies for low-temperature heat resources that are used in theothermal power
plant industry and waste heat recovery systems. As such, ORCstgms are proving
to be a sustainable technology that can help address some of thereat concerns
surrounding global warming and environmental pollution from using en-renewable
resources. However, optimizing large and advanced systems canabcomplex task
that involves various elds of many variables from the thermodynaigs to the plant's
topologies to the environmental regulations. Therefore, this tlses will focus on pro-
viding a systematic modelling framework that can be used to optimizeRIC systems
e ciently.

Commonly in the literature, ORC systems are modelled using the seaial-
modular (SM) approach where the unit operation modules are corgted in the order
of the plant's process. This forms the owsheet of the ORC systemvhich is then
solved using a nonlinear equation solver to converge to a feasible rapiag point.
Generally, the SM model is optimized by manually varying the plant paraeters
or by using advanced optimization algorithms to maximize/minimize the lojective
function. This is not an e cient approach and can lead to various opimization and
numerical issues, such as failure to converge to a solution and loxgeution times.

A more e cient method, but often more di cult to construct and tr oubleshoot,
is to model the ORC system using the equation-oriented (EO) appach where the
system is expressed as a set of equations. Provided the equatians algebraic
and twice di erentiable, the optimization solvers can exploit the modestructure,
the underlying equations and the relationship between the decisioranables to
e ectively optimize the ORC system. Generally, the equations are nalgebraic and
consist of thermodynamic routines or external functions that & not di erentiable
and incompatible with white-box solvers that can deterministically gueantee global
optimality. Therefore, this thesis will propose a modelling approachna provide
a set of tools to model an ORC system in order to tailor the model faterivative-
based and white-box solvers. This involves deriving the set of eqigats that describe
the ORC system and approximating the nonlinear terms that are nadi erentiable



using regression tools. As a result, the optimization performancé the algebraic
EO model can be more than 29000x faster than the SM model.

The problem with any approximated model is to ensure that the modlean accu-
rately represent the original system. While the accuracy of the ndel can sometimes
be improved by using highly nonlinear model ts, such as higher ordgrolynomial
functions, they can contribute to the nonlinearity of the model ad degrade the op-
timization performance. Therefore, this thesis will introduce a pi@wise regression
approach to improve the accuracy of the approximated model artecrease the non-
linearity of the optimization problem. As a result, the performance fosome solvers
can be signi cantly improved and, in some cases, more than 6x fastihan using
the single t approximations.

Building on the piecewise t approximation work, the nal study that was carried
out in this research focused on a mixed-integer linear programmingliLP) formula-
tion of the ORC model. This is to address the gap in the literature wherthe MILP
formulations of ORC models have not been extensively investigatedespite the
general view that nonlinear problems are harder to solve than lineproblems. This
involves utilizing existing integer and linear programming techniques dnpiecewise
linear approximations. Consequently, the size of the optimization pblem increases
considerably due to the auxiliary variables and constraints from thénearization
procedure, which can degrade the optimization performance.

This research provides an alternative approach to the SM modelrfcmodelling
large and complex ORC systems that are robust and e cient for opization. The
proposed modelling framework will be implemented on three real-wortgeothermal
power plants that vary in size and topology. In addition, this reseah shows that
while decreasing the nonlinearity of the optimization problem can impue the per-
formance, it is not advisable to completely linearize the model as it camve an
adverse e ect due to the large number of auxiliary variables and cstraints that
are generated.
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Nomenclature

The thesis will use the following notations in Table 1 for mathematicalgeiations.

Table 1: Mathematical notations.

Notation Description

X Matrix (bold and capitalized)
X Column vector (bold and lower case)
X Scalar (italic and lower case)
R Approximation (hat operator)

The following list of nomenclatures in Table 2 will be used within this work.

Table 2: Thesis nomenclature.

Symbol Description Unit
m Mass ow kg/s
h Enthalpy kJ/kg
S Entropy kJ/(kg K)
T Temperature K
P Pressure bar
W Mechanical work kw
Q Heat duty kw
C Cost k$

E ciency %
J Objective function -

Mass ow fraction -

N

Table 3 lists the abbreviations and acronyms that are frequently es in the
written texts or as subscripts in mathematical equations througbut this thesis.

XXii



Table 3: Thesis subscripts and acronyms.

Symbol Description

pump Pump

turb Turbine

cond Condenser

desh Desuperheater

preh Preheater

evap Evaporator

suph Superheater

recu Recuperator

pp Pinch-point

WF Working Fluid

Cw Cooling Water

BR Brine or Geo uid

CS Cold Side

HS Hot Side

DOE Department of Energy
ORC Organic Rankine Cycle

BCPP Binary Cycle Power Plant

BORC Basaran Organic Rankine Cycle
DOEP Department of Energy Pilot Plant
USGP USGeo Plant

MBPP Magmamax Binary Power Plant
LT Low Temperature

HP High Pressure

LP Low Pressure or Linear Program
NLP Nonlinear Program

MINLP Mixed-Integer Nonlinear Program
MIQCLP Mixed-Integer Quadratically Constrained Linear Program
MIQCQP Mixed-Integer Quadratically Constrained Quadratic Progam

MILP Mixed-Integer Linear Program
EO Equation-oriented

SM Sequential-modular

is Isentropic Process

crit Critical

hx Heat Exchanger

bk Breakpoint

net Net Power

f Saturated liquid

g Saturated vapour
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Chapter 1

Introduction

1.1 Organic Rankine Cycle

With the increasing concerns surrounding the negative environnmtahimpacts asso-
ciated with non-renewable resources and the growing pressure ttee power gener-
ation sector to reduce greenhouse gases emission and pollutaifiteye is now much
more recognition and interest in the global bene ts of renewable per generation
technologies. Through technological advances in geothermal ation and well

drilling technology, geothermal energy is proving to be a reliable saér of sustain-
able and renewable energy. According to the World Energy Councilhére are 24
countries that have used geothermal energy for electricity gaa¢ion as of 2014 [8].
In New Zealand, almost 20% of the electricity supply is produced frogeothermal
energy [9]. Most of the geothermal resources in New Zealand arealed in Taupo

Volcanic Zone and Ngawha (Northland) with temperatures varyingrbm 70 C to

>220 C in some areas [10].

One of the most e cient ways to exploit the abundant low-temperatire geother-
mal resources is via the Organic Rankine Cycle (ORC) systems. Theeegy con-
version process of an ORC system is very similar to a conventionakam cycle,
where the thermal energy is converted to kinetic energy that casubsequently be
used to generate electricity, as shown in Figure 1.1. In addition, th@RC systems
are not limited to geothermal energy but can be implemented using twr thermal
resources, such as solar energy, thermal waste, or biomass@nehus broadening
their applications in other industries. This can also help to reduce thamount of
waste heat that is lost to the environment and contributing to globhwarming.

For a basic ORC system, as shown in the middle of Figure 1.1, a heat sm
is used to vaporize a working uid in an evaporator before expandinthrough a
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Figure 1.1: The energy conversion process of an Organic Rankinecleysystem.

turbine. The vapour exits the turbine at a lower pressure and comthses back to its
liquid state before it is fed back to the evaporator via a pump. This lmc design
forms the basis for many complex and innovative ORC systems thateadesigned
to improve the performance and reduce thermodynamic losses. €de advanced
systems can consist of two or more ORC systems that operate atedent pressure

levels with various inclusion of additional unit operations, such as aaeperative

heat exchanger, to help maximize the utilization of the heat sourcé& good overall

summary of di erent advanced ORC systems can be found in [3, 11].

Organic Rankine Cycle systems are predominantly used in the geotimal power
plant industry as Binary Cycle Power Plants (BCPP). Of all the geotlermal power
plants (GPP), BCPPs are the most common type of GPP in the world wh around
279 units according to [12], constituting to over 46% of all geotheahunits. Given
that there are a large number of ORC systems ranging in various tojpgies around
the world and the potential for more low-temperature thermal reources to be ex-
ploited, there is a need for an e cient and robust approach to modkng and op-
timizing these systems. In addition, ORC systems inherently have awothermal
e ciency due to the small temperature di erence between the hdasource and the
heat sink [3]. Therefore, even for an ORC with a 10% thermal e cienca 1% e -
ciency increase would translate to a 10% improvement that can meére di erence
between an economically viable plant and one that is not.

Often these ORC plants are simulated using a modular-based appobain a
modelling software, such as Aspen Plus [13] or GateCycle [14]. The ralsdthen



are subsequently optimized using heuristic methods or optimizatiorigorithms, as
shown in [15, 16]. However, this approach is not the most robust orcent for
optimization and can lead to various convergence and numerical igsy as detailed
below.

1.2 Modular-based Optimization Models

Organic Rankine Cycle systems are generally modelled as modulardzhsnodels
using the sequential-modular (SM) method, where the unit operatiomodules are
connected in the order of the plant's process. Each module is solvaca sequential
order where the output of one module is computed from the outpudf the previ-
ous module in the owsheet. This makes constructing the SM modef an ORC
system very institutive and simple to troubleshoot when the input seam at the
beginning of the plant's process is known. However, there are sokay limitations
associated with the SM approach, especially when dealing with largedacomplex
ORC optimization problems.

One of the major disadvantages with the SM model is often the resttion of
accurate derivative information due to the use of complex thermgdamics, inter-
nal/external unit operation modules, and a nonlinear equation solve This can
degrade the performance of derivative-based optimization solgeisuch agsmincon
(MATLAB's solver) [17] or IPOPT [18], that require the rst and second derivatives
of the objective function and constraints in order to nd a solution If the derivative
information is not provided to the solver, the derivatives are apprsomated using the
nite di erence method that can result in various optimization issues such as pre-
mature termination and long computation times [19]. Therefore, onghould always
try to nd a method that provides accurate Jacobian and Hessian fiormation to
the solver in order to obtain e cient optimization performance. Thiswill be further
discussed in Chapter 2. In addition, given the nonlinear nature anché rigidity
structure of the SM model, it is limited to black-box solvers that canat guarantee
global optimality, which can be a disadvantage in today's competitive arket.

1.3 Equation-based Optimization Models

Alternatively, Organic Rankine Cycle systems can be modelled as etjoa-based
models using the equation-oriented (EO) approach, where systgiare represented as
a set of equations that are solved simultaneously. The structurd ihe EO approach
allows standard optimization problems to be formulated e ciently, ard the mass and



energy balance equations are solved simultaneously with the optimiiza problem
[20]. However, unlike the SM approach where the model can typicallg lconstructed
by connecting pre-built unit operation modules, the underlying equens of the EO
model generally must be manually derived. This can be very time comsing and
di cult to troubleshoot the model, especially for advanced ORC sysms.

In addition, if all the equations in the EO model are algebraic and anaigally

di erentiable, this algebraic structure can be exploited to analyticly calculate the
required derivatives and provide the matrix sparsity information tahe solvers. This
means that the optimization issues associated with the SM approachentioned
above can be bypassed or at least reduced. Furthermore, praidthe equations
are limited to a set of certain functions that are supported by whitdox solvers, the
model can be optimized using global solvers, such as SCIP [21] andREMN [22],
to deterministically nd the global optimum of the plant.

1.4 Optimization Formulation

Optimizing an ORC model using a state-of-the-art optimization solvedoes not al-
ways guarantee an e cient and robust optimization. The formulation and structure
of the optimization problem also play a signi cant role in the overall pdormance of
the optimization. In operations research, there are many di erdrchemical processes
that can be formulated into di erent optimization problems from linea program-
ming (LP) to mixed-integer nonlinear programming (MINLP) problems which can
vary in complexity and size. In terms of the ORC systems, they are herently
nonlinear problems due to the thermodynamic processes of the unperations and
the thermodynamic properties of the working uid. Consequentlythe steady-state
models of ORC systems consist of nonlinear equations that generaljive rise to
nonconvex problems with multiple local optimums [23] and are very harto solve,
especially with large and complex models.

Often optimization problems can be reformulated using various integ and lin-
ear programming techniques, such as the Glover's linearization soie [24] and the
Charnes-Cooper transformation [25], which can help address somancial restric-
tions, time constraints, compatibility and availability issues with modellig software
and optimization solvers, and/or restrictions of establishing globabdptimality. His-
torically, nonlinear problems are reformulated to linear problems baase LP solvers,
or even mixed-integer linear programming (MILP) solvers, were mercomputation-
ally e cient and readily available than the nonlinear programming (NLP) solvers.
However, it can be very tedious and time consuming for practitiongtto reformulate
optimization problems. Furthermore, with the recent advancemés in nonlinear
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solvers and improvements in optimization modelling platforms and tedmques, as
well as computer hardware, it might now be redundant for practitiners to reformu-
late certain real-world NLP problems.

1.5 Research Questions and The Thesis Contri-
butions

In order to fully utilize the full potential of the ORC system and maximze the
usage of the available renewable resources e ciently, it is importarthat a reliable

and e cient modelling and optimization approach is available. Howeverwhile it is

widely acknowledged in the literature that an EO model is more e cientand robust
for optimization than an SM model, it is not extensively investigated oproposed
in the literature for large advanced ORC systems. Therefore, thresearch aims to
provide a modelling framework for an ORC system to reduce the issuassociated
with the conventional SM optimization approach and to provide an ecient model
that is tailored for optimization. This will be signi cantly bene cial for certain

optimization problems that are computationally expensive, such agptmizing the

plant with respect to di erent working uids and mixtures. In additio n, given that

ORC systems typically have low thermal e ciencies and can vary in plandesign

and operation conditions, there would generally be many possible lb@gptimums

that can limit them from fully exploiting the thermal resources.

In order to tailor the ORC model to the derivative-based and whitdsox solvers,
the model can be approximated using regression analysis to refotate the model
to an algebraic structure that can provide analytical derivative ad matrix sparsity
information. However, it can be very di cult to accurately approximate the ORC
system given the complicated thermodynamic terms and processasthe steady-
state model. It is possible to use highly nonlinear model ts to increasthe ac-
curacy, but this can also increase the nonlinearity of the model andkegrade the
optimization performance. Therefore, this research investigate& more constructive
method of approximating the ORC model using piecewise ts, which caminimize
the deleterious e ect of the nonlinearity of the approximated modebut not at the
expense of its accuracy.

Generally, nonlinear problems are much harder to solve than lineargislems, but
the linearization of an ORC model has not been widely investigated. T™hcould be
due to the strenuous and tedious linearization procedure that inlk@s introducing
piecewise linear approximations and other linearization techniques.o@sequently,
the advantages and disadvantages of a linear ORC model would bead#o investi-



gate without rst providing an e cient method to linearize a nonlinear ORC model.
As such, this research aims to explore a systematic approach tawert a nonlinear
model to an equivalent mixed-integer linear programming model andmpare the
optimization performance of both formulations.

The overall objective of this thesis is to provide a framework thatan be used
to model large and complex ORC systems that are intended for indusl optimiza-
tion and to address the shortcomings highlighted above. To achietleis aim, the
following research questions are posed:

1. Can we formulate equation-orientated models of large andngplex ORC sys-
tems that are algebraic in structure and tailored for e ciert and robust opti-
mization?

2. Can the performance of some optimization solvers be impravey reducing the
deleterious e ect of the nonlinearity of the optimization ®C model without
compromising, if not improving, on the accuracy of the appximated model?

3. Is it possible to reformulate the nonlinear algebraic EO metl of an ORC
system into an equivalent mixed-integer linear programngnmodel using lin-
ear/integer programming techniques? In addition, given #himprovement in
nonlinear solver algorithms and the advancement in computeardware, can
the mixed-integer linear model improve or match the perfoance of the non-
linear counterpart as traditionally concluded in the litesture?

To undertake these research questions, this thesis will detail atgabraic EO
modelling approach on three real-world binary cycle power plants. \eraging of the
algebraic structure of the EO model, three di erent formulations W be investigated,
namely, NLP, MINLP and MILP. A set of regression and modelling toolsvill be
discussed and used to reformulate the ORC model from one formiida to another.
The research questions will be critiqued later in Chapter 8.

1.6 Thesis Outline

In order to coherently address the research questions statedthe previous section,
this thesis is structured as follows:

Chapter 2 reviews existing studies of ORC modelling and optimization. His
chapter will highlight and review the advantages and disadvantages the common
methodologies and tools. The shortcomings in the literature will be digssed in
more detail.



Chapter 3 introduces the algebraic EO modelling approach. A detailetescrip-
tion of the modelling procedure is carried on a basic ORC system.

Chapter 4 applies the algebraic EO modelling approach to three largacacom-
plex real-world ORC systems, namely, binary cycle power plants. Inddition, the
equivalent SM model of each plant will also be presented and validated

Chapter 5 optimizes the ORC models in Chapter 4 using both black-b®olvers
and white-box solvers. Each algebraic EO model will be optimized witlespect to
di erent working uids and the optimization performance will be analysed.

Chapter 6 details the implementation of a piecewise t algorithm that an help
to improve the performance of some optimization solvers without nogpromising on
the accuracy of the model.

Chapter 7 details the reformulation of the nonlinear optimization prblem into
an equivalent mixed-integer linear programming problem. The MILP nmael will
be optimized with state-of-the-art MILP solvers and compared tdhe nonlinear
counterparts.

Chapter 8 concludes the thesis and highlights the key contributioraf this work.
This is then followed by an assessment of the proposed researclegjions and rec-
ommendations for future developments and investigations.



Chapter 2
Literature Review

This chapter will discuss the energy conversion process of an OngaRankine Cy-
cle (ORC) system and look at the previous studies surrounding theadelling and
optimization of this system. The chapter will review the di erent clases of math-
ematical programming and the available modelling and optimization toolthat are
used by practitioners on ORC systems. This is then followed by a disgion on the
advantages and disadvantages of the di erent optimization techques and highlight-
ing the need for a robust and e cient optimization approach. Finally,the chapter
ends with a discussion on the shortcomings in the eld of ORC optimizetn and
highlight the areas that will be addressed in this research.

2.1 Introduction

The world's dependence on non-renewable energy has led to varieasironmental
issues that have a detrimental impact on the planet. More than 66%f the world's
electricity is generated from fossil fuels according to [26]. Conseqtly, there has
been hard evidence to show the negative implications of utilizing foskikl, from the
rise in global temperature to environmental pollution. In responst the concerns
surrounding global warming and ambitious e orts to address climatehange through
the Paris Agreement [27], there has been a great interest in rendodaand sustain-
able energy resources in recent years. One of which is in the eld ovlteemperature
thermal resources.

There are a vast amount of low-temperature thermal resourcesuch as geother-
mal energy, industrial waste thermal energy, and solar energfat are available to
be exploited and have the potential to help address some of the cems surround-
ing the use of non-renewable resources. One of the most e cienhdc sustainable



ways to utilize low-temperature thermal resources is through anr@anic Rankine
Cycle (ORC) system. The energy conversion process of an ORCteys is thermo-
dynamically very similar to that of other conventional thermal powe plants, such
as a fossil fuel power plant and a nuclear power plant.

In order to e ectively utilize the available low-temperature thermal resources,
ORC systems need to be modelled and optimized. Often they are simeld using
the sequential-modular approach, via modelling software such asp&sn Plus [13] or
GateCycle [14], and then are subsequently optimized using heuristiethods or op-
timization algorithms [15, 28]. However, one major concern with usingis approach
lies in the robustness and e ciency of the model when it is used in optiation
problems. Therefore, this chapter will review the limitations of comn practices
of optimizing ORC systems and propose a modelling approach that isiltaed for
e cient optimization.

2.2 The Organic Rankine Cycle Process

One main di erence between the ORC system and the Rankine cycle iset type
of working uid that is used. Instead of utilizing water as the working uid, ORC
systems generally use a hydrocarbon or a refrigerant that has avir boiling point
than that of water. This is due to the low-temperature heat soure to the system.
Figure 2.1 shows the process ow diagram of a basic ORC system, whthe working
uid is heated up and vaporized by the heat source (in this case a geml) inside
the preheater and evaporator, and then expands through theautbine to produce
mechanical work. Next, the exhaust vapour exits the turbine ants condensed to
a saturated liquid (or subcooled liquid) before it is fed back to the pheater and
evaporator via a feed pump.

Evaporator
Geofluid Inlet
Turbine

Geofluid Outlet

Condenser Cooling Water Inlet
Preheater | g s
pr—

Feed Pump

Cooling Water Outlet

4

Figure 2.1: The process ow diagram of a basic Organic Rankine Cycle.

The ORC systems are largely employed in the geothermal power inthysdue to
the vast amount of low-temperature thermal resources. A bingrcycle power plant
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(BCPP) is a geothermal power plant that utilizes the ORC technologynd makes
up the largest number of units out of all the geothermal power plas in the world.

In addition to high power geothermal ORC power plants, there arelso micro ORC
systems that generate low power around 20-50 kW from low-temagure the heat
sources, such as solar energy, biomass and waste heat from varithermal utility

systems [29].

Although the ORC systems are proving to be one of the leading engrgonversion
technologies for a low-temperature heat source, they generallave low thermal
e ciencies due to the small temperature di erence between the t& sink and the
heat source [3]. Therefore, this can be a deterrent for many coarpes to invest in
the development of these plants if they are not optimized e ciently o fully utilize
the available heat source. In addition, given that every BCPP is uniquand ranges
from various geothermal resources to the topology to the worlgnuid of the plant,
it is very unlikely that the optimized conditions of one plant can be applié to
another plant in a di erent location or with operating constraints. Therefore, there
is a need for an e cient and robust o -line optimization approach tha is applicable
to a wide range of ORC systems and tailored for various optimizatiorolers.

While there are studies in the literature that address the perfornmrece and/or
economic optimization, such as described in [30, 31, 32, 33, 15, 34yt do not
normally focus on the modelling and optimization methodologies or foutations
that are speci cally for the ORC systems. Generally, the study is fmused on one
particular plant design where one or more di erent aspects of thelant are opti-
mized.

For instance, Astol et al. [30] optimized the thermal e ciency of an ORC sys-
tem with respect to the inlet pressure and temperature of the tilmine and di erent
working uids. The ORC model was constructed in MATLAB and optimized using
the fmincon optimization solver (Active-set algorithm), where the thermodynanic
properties of the working uids were calculated using REFPROP [35]hermody-
namic package. Given that the model uses REFPROP explicitly, it canébdi cult
to obtain accurate derivative information of the model, which can lehto long com-
putational time or failure to converge to a solution (see Section 2.9)

A study carried out by Ghasemi et al.[15] constructed a model of axisting ORC
system in Aspen Plus. The net output power of the plant was optimiziewith respect
to the ambient temperature using the built-in SQP optimizer in Aspen Ris. Their
results showed that the net output power is restricted by the carity of the air-
cooled condensing system at high ambient temperatures. The disadtage with this
approach is that it utilizes the sequential-modular (SM) method (se8ection 2.6.1)
where the model was constructed using the built-in unit operation adules. The
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rigorous structure of this model makes obtaining accurate deritrae information
very hard or impossible and, therefore, can result in the same opiiration problems
as highlighted earlier with [30]. Furthermore, this modelling structuras generally
not compatible with white-box solvers (see Section 2.7.2) that can grantee the
\best" optimal solution.

Conversely, a paper by Huster et al. [23] addresses the issuesntbin the
previous two papers by constructing two ORC models using two distih methods.
The rst model was constructed in the SM format but can provide ecurate function
evaluations, gradients, and relaxations for their proposed globaptimization frame-
work using customized functions. The second model was formuldts the GAMS
optimization environment where it is algebraic, di erentiable and comatible with
a state-of-art white-box solver, namely BARON [22]. The aim of the gper was
to compare the performance between their proposed optimizatidramework and
BARON by optimizing the net output power and the levelized cost of etricity of
the system. While the results showed that their global optimizationrhmework was
faster than BARON, the disadvantage with this approach is that tle rst model
is not compatible with other white-box solvers due to its SM structue. Also, the
thermodynamic functions that were used in the second model argyhly nonlinear
and this can have a signi cant impact on the optimization performane, which might
explain the long computational time of BARON as shown in the paper.

Therefore, this research will provide a modelling framework and atsef tools
to address the shortcomings stated about the papers discussagbve and aim to
illustrate the contributions using three real-world binary cycle poweplants.

2.3 Organic Rankine Cycle Optimization

The term optimization can be de ned from a practical standpoint as to obtain the
\best solution” to a given process within constraints [19]. This is a kegspect of
chemical engineering and one of the major quantitative tools in dema making.

The competitive advantage of being able to operate at the optimalgsformance for
process systems is pivotal to the economic viability of many businessin various
industries, and thus drives the need for optimization strategies tbe developed and
implemented.

Process optimization involves the task of deriving a quantitative sta perfor-
mance index, or referred to as thebjective function to quantify the \best solution".
This can be, but not limited to, the operational costs, the produgon yield, or the
system e ciency. The objective function is maximized/minimized by maipulating
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the values of thedecision variables which can represent the physical size of the
equipment, the plant parameters or the working uid thermodynanc properties,
e.g., temperature, pressure, and enthalpy. Commonly, these tan variables must
be adjusted as so to comply with the system and process consttajnwhich are
typically translated to the physical limitations of the system, envirmamental regula-
tions, nancial constraints and so forth. The following subsectioswill discuss some
of the most common areas of ORC system optimization in the literatet

2.3.1 Steady-State Optimization

A system or a process is said to be in a steady-state condition if theate vari-

ables, i.e., temperature, pressure, volume, enthalpy, entropyice that describe the
behaviour or process of the system are unchanged with respeattime. The state
variables can change from point to point in the system, but they arstay xed

at any one point during the entire process. Consequently, the ter steady-state
optimization relates to obtaining the optimal steady-state operating point of He
system, such as maximizing net output power and thermal e ciengyminimizing

speci ¢ heat exchanger area, fuel consumption, gas productjcegtc.

Most of the studies in the literature on ORC system optimization aredicused on
steady-state optimization, typically in process synthesis, retrdting and operational
optimization, and economic analysis. Generally, an ORC system will berailated
in a process simulator (see Section 2.6), such as Aspen Plus[13] orGSi/m[36],
that are subjected to a number of constraints set by the environental regulations,
nancial restrictions and equipment limitations. The simulated modewill then be
optimized using a heuristic method or a mathematical algorithm that vl attempt
to search for a better operating point within the allowable search sge.

Process synthesis optimization is focused on a new plant owsheetdesign to
meet the speci ed engineering and nancial goals. This is the earlyajes of the
plant development process where the decision on the plant's topoyaand parameters
are determined. This can be a challenging task given the number otfars, such
as dierent BCPP designs, availability of working uids, and di erent operating
conditions, that can profoundly a ect the costs, e ciency, future maintenance and
scheduling operations of the plant. Examples of process synthegfgimization are
presented by [33, 37, 30, 34, 38, 39, 40].

In contrast, retro tting and operational optimization deals with the inclusion
of new features/technologies or varying the operating condition.e, temperature,
pressure, mass ow, etc.) of an existing plant or owsheet in ordeio improve the
proposed objective function, such as e ciency, increase outpuand reduce costs.
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An example can be observed in a study carried out by [15], where theptimized
the net output power of an existing BCPP by suggesting di erent ofpmal operation
strategies with respect to the ambient temperature of the plantln contrast, research
by [41, 42, 43, 44] investigates the feasibility of introducing an ORG/gem to an
existing process system or owsheet, such as a ash steam powpdgint and a waste
heat recovery system, in order to optimize the overall system.

Economic optimization investigates the costs associated with the resiruction,
maintenance, or the prots that can be generated from the plant The economic
analysis is usually associated with the size of the main unit operationisg., heat
exchangers and turbine, as they are generally assumed to be a isogmt factor
in the cost of the plant. Consequently, the total area of the heaéxchangers to
the net output is a common objective function, as proposed in [335446]. The
investment cost of the plant can also be used as the objective ftioo, i.e., the
ratio of the total cost of the plant (plus the maintenance and labaucost) to the
net output power, as is discussed in [47, 31]. The cost of each uniteogtion can
be calculated/estimated using xed correlations that are a functio of the plant's
output power or surface area of the plant component. These uniiperation costs
can then be used to calculate the payback period and the net praesgalue that can
give more insight into the plant's economics.

This research will focus on steady-state optimization because tietdi erent ar-
eas that can be investigated in this eld as demonstrated in the litetare. Therefore,
we believe it would be signi cantly bene cial to investigate and providea modelling
approach that is e cient and robust for o -line steady-state optimization.

2.3.2 Dynamic Optimization

The term dynamic optimization focuses the transient response and how the plant
behaves with respect to time in areas such as process stability, egency scenar-
ios, the plant responsiveness to load change, shutdown and stgrt and changes
in the heat source. Similar to steady-state models, the ORC systenare gener-
ally constructed in a process owsheet simulator, such as VMGSim [36Aspen
Plus Dynamics [48], Modelica [49]. Generally, these modelling environmerallow
practitioners to construct their dynamic models using the built-in uit operation
modules/components that have been tested and validated, or frotheir own pre-
built or interfaced component modules. Examples of dynamic ORC mels$ include
work by [50] that investigated a large commercial ORC power plant,ra [51, 52]
that focused on small-scale ORC systems.

Given that the interest in steady-state behaviour is more dominani the liter-
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ature, and also because BCPPs are base-load power plants thahgmlly operate
in a state-state condition continuously for long periods of time, thisesearch will
not focus on the dynamic behaviour of the plant. However, readeican refer to
references given above if they are keen on learning more about ayric models and
optimization.

2.3.3 Working Fluid Selection

The performance, environmental and cost implications of an ORC stgm are heav-
ily inuenced by the selection of the working uid. While there are morethan

50 working uids that have been considered in the literature [53], the are some
restrictions that are associated with certain uids due to their themodynamic prop-
erties, environmental impact, health, safety, cost and availability The selection of
the working uid cannot just meet the thermodynamic properties It should also
be stable within the desired operating conditions and non-corrosiveith materials

in contact. There is an extensive amount of studies in the literaturen working

uid selection and comparison among di erent operating conditionsrad ORC con-
gurations, such as described in [1, 46, 54, 53, 55], and more reiteim [56, 57, 58].

Although there is a substantial amount of research on working uidelection in
the literature, there is no one best working uid that can meet all tke criteria of every
ORC system and operating condition [53]. Given that each ORC systei® unique
to where it is located and to how it is built and function, it would be problenatic to
attempt to obtain an optimal solution of an ORC plant by extrapolating the optimal
results of another plant from a di erent country and operating cadition. Thus, it
would be more bene cial is to provide a modelling approach to e cientlyoptimize
the plant with respect to all the possible pure working uids and mixtwes within
a reasonable time frame, especially for large and advanced ORC sys$. This will
be addressed in Chapters 5 and 6.

2.3.3.1 Types of Working Fluids

The working uids can be divided into three groups, namely, dry, weand isentropic,
by examining the slope of the saturated vapour curved{ =d9 on the T-s diagram,
as shown in Figure 2.2. Since the slope of the isentropic uids is a vesdilcline
(or close to it), dT=dswill equal to in nity (or a very large number). Therefore, it
iIs more useful to use the inverse of the slopedg=dT), as discussed in [53, 59], to
classify the working uids. This implies that for dry uids ds=dT >0, for isentropic
uids ds=dT 0, and for wet uid ds=dT < 0. Generally, dry and isentropic uids
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are more appropriate for ORC systems because they are usuallystheated after
an isentropic expansion, thus there will be no liquid droplets at the tbine output
that might cause blade corrosion [54, 58]. However,ds=dT 0, this adds more
load to the condenser or the recovery system and can waste vdileenergy [53].
Conversely, a wet uid will put more burden on the superheating preess to avoid
going into the two-phase region, but desuperheating the uid aftethe expansion
will require less work [53].
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Figure 2.2: Three di erent categories of working uids: dry uid (Pentane), wet uid
(R32), and isentropic uid (R245fa). Note the discontinuities are de to JSteam's
limitations in calculating the saturated entropy values at temperattes close to the
critical point.

In addition to pure working uids, mixtures are also considered fortie ORC
system, as described in [56, 60, 61]. There are potential advargeagthat can be
achieved by using mixtures. Unlike pure uids that change phase at@nstant tem-
perature, mixtures evaporate and condense at variable tempéuee [3]. Therefore,
they are sometimes a better match to the brine curves and, henaan reduce the
thermodynamic losses in the heat exchangers [3].

2.3.3.2 Safety and Environmental Impact

The safety concerns need to be taken into account when selectthg type of working

uid. Generally, uids that are non-corrosive, non- ammable, nontoxic, and have
low global warming potential (GWP) and low ozone depletion potentialODP) are
usually favoured, but these properties are typically mutually exclige. Table 2.1
compares these properties for some of the working uids and water reference.

The risks associated with the ammability and toxicity of the working uid can
be reduced or managed by introducing safety measures, such lasiaating ignition
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Table 2.1: The safety and environmental properties of di erent wling uids
(adapted from [3]). The ozone depletion potential (ODP) and the glmal warm-
ing potential (GWP) are normalized at 1 for R12 and carbon dioxide,aspectively.

Fluid Toxicity Flammabilty ODP GWP

R12 Nontoxic  Non ammable 1 4500
R114 Nontoxic  Non ammable 0.7 5850
Propane Low Very high 0 3
i-Butane Low Very high 0 3
n-Butane Low Very high 0 3
i-Pentane Low Very high 0 3
n-Pentane Low Very high 0 3
R32 Low Low ammable 0 675
R134a Very low  Non ammable 0 1300
R245fa Very low  Non ammable 0 1020
Carbon dioxide Nontoxic Non ammable 0 1
Ammonia Toxic Low 0 0
Water Nontoxic  Non ammable 0 -

sources or using air-tight equipment, in order to permit their use.nl contrast, there
are a number of the refrigerants have been banned or phased awer the years
due to their negative impact on the environment based on their GWRODP and
atmospheric lifetime. Some of the uids that have already been baed include
R11, R12, R113, R114, and R115, while other uids such as R21, RR123, R124,
R142b are expected to be phased out in 2020 to 2030 [53].

2.3.3.3 Cost and Availability

The cost and availability of the working uid can be a factor in the desig of the
ORC system. Often some countries might ban or have strict regulahs on certain
uids and, thus, make them too expensive to be utilized. Generallyhe cost of an
ORC system can be reduced by using low-cost hydrocarbons or sithat are mass
produced. In addition, the selection of working uid can directly a ect the size of
the unit operations, which can contribute to the overall capital ad maintenance
cost of the plant. As shown in [3, 62], the size of the turbine can be @oximated

from the working uid properties, which can be a factor in selectinghe appropriate
working uid.
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2.4 Classes of Optimization Problems

One of the oldest methods in process optimization is theal and error approach.
This involves trialling di erent solutions to the optimization problem until the best
solution is achieved. Consequently, this approach can be very erpve and tedious
to execute and does not always guarantee an optimal result or med the required
constraints. However, due to the intuitive simplicity of this method.,it is still im-
plemented in many applications, such as in [39, 38], or especially for pesses that
cannot easily be modelled.

Alternatively, with the introduction of digital computers, industrial optimiza-
tion problems can be optimized more e ciently and systematically usingnathe-
matical optimization algorithms and techniques. This is referred to saoperations
research The optimization problems discussed in the previous section can loerhu-
lated into di erent classes of optimization problems based on the tyof variables
and constraints. Figure 2.3 shows the general overall view of thenramon classes of
optimization problem formulations that are found in chemical enginemg.
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\ Mixed-Integer Variables /

| ! |
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Figure 2.3: Classes of optimization formulations.

The most complex optimization problem formulation is the mixed-integenon-
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linear program of the form

min

S.t.

f(xy)

hi(x;y) =0;

g(xy) O

X2 R; (2.1)
y2Z;

i=11,23;::;ng;

j =11,2;3;:::mg;

wheref (x;y) is the objective function that is subjected to equality constrainfs),
hi(x;y), and/or inequality constraint(s), g;(x;y). The continuous and discrete vari-
ables are represented as and y, respectively. In some cases, the discrete variables
y in (2.1) can take on binary values to represent logical or discrete dsions, which
will be used in this research. The optimization problems presented imis thesis
will follow the minimization standard form speci ed in this section. Theefore, the
objective function will be negated for a maximization problem.

Provided that f (x;y), hi(x;y) and g, (x; y) are linear functions, this reduces (2.1)
to a mixed-integer linear program (MILP) of the form

min

St:

ax+b’y+c
Gx + Hy = k;
GegX + Hegy
X 2 R;

y2Z:

Kegs (2.2)

Moreover, an MILP is reduced to an integer program (IP) if there i@ only discrete
variables. Conversely, if (2.1) consists of only continuous variableken it is reduced

to a nonlinear program (NLP) of the form

min

s.t.

f(x)

hi(x) = 0;

g(x) O

X2 R,
i=11;23;::;ng;
] =11,2,3;::;;mg:

(2.3)

The NLP problem can be reduced to a quadratic program (QP) if (x;y) is a
quadratic function and both h;(x;y) and g (x;y) are all linear functions. Further-
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more, if all the functions in (2.3) are linear functions, then the NLP mblem is
reduced to linear program (LP).

As shown in Table 2.2, di erent mathematical programming problemsra en-
countered in various areas of process systems engineering, fiomcess synthesis
and design to scheduling and planning to unit operation models. Gea#ly, most
optimization problems in Table 2.2 are non-trivial and di cult to nd the global
optimum solution as there can be many alternative solutions that cahe directly
linked to complex economics and performance of the system. Fuetimore, often
the optimal solution translates to large economic savings that carebome a major
disadvantage if a suboptimal solution is selected. Therefore, opiimation has be-
come and continues to be a powerful tool for various industries @rcompanies to
remain competitive.

Table 2.2: Overview of the di erent optimization problems that are enountered in
process systems engineering (adapted from [4]).

LP MILP QP NLP MINLP

Process design and synthesis

Heat exchangers X X
Mass exchangers X X
Separations X
Reactors X
Flow sheeting

Process operations

Scheduling X
Supply chain X X
Real-time optimization X

X X
X X
X X
X X
X X

X X X

X X

While the optimization formulations that will be discussed in this thesis e NLP
(Chapter 3 and 4), MINLP (Chapter 6) and MILP (Chapter 7), the thesis is focused
on the integration between the formulation and the optimization sokrs, and not
necessarily targeting the formulation to the optimization areas in Tale 2.2.

There are many integer and linear techniques that can be implemedt¢o refor-
mulate a nonlinear problem to other optimization formulations in ordeto achieve
various advantages, such as better performance, compatibilityithv certain optimiza-
tion solvers, and cope with nancial limitations. In regards to ORC opmization,
they are naturally nonlinear problems, and fall either in the NLP or MNLP cate-
gory due to the direct use of thermodynamic and performance eafions. The ORC
models are generally optimized as a nonlinear problem, especially fogsystems,
and do not undergo any type of reformulation or linearization. This ig gap in the
literature that will be investigated in Chapters 6 and 7. As will be show in those
chapters, it is possible to convert from an NLP problem to an MINLP oan MILP
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problem using integer/linear programming techniques in order to adve a higher
model accuracy, a better optimization performance, and/or todilor the model for
a speci ¢ group of optimization solvers.

There are a wide range of di erent optimization algorithms and techiques that
can be used to solve the optimization problems in Table 2.2. Some optigdimn
strategies are more suited for problems with a larger number of ingity con-
straints, such as the barrier (or interior point) method [63]. While dbher optimiza-
tion methods are more suitable for problems that are unconstraideand have non-
di erentiable functions, such as derivative-free global algorithm$64]. Therefore,
in addition to the type of variables and constraints, as classi ed alve, the opti-
mization algorithm is also selected based other characteristics ofetloptimization
problem, such as the number of inequality and/or equality constrata, convexity,
matrix sparsity information, di erentiability of functions, and model structure. Itis
not enough to only have state-of-the-art optimization algorithmgor an e cient and
successful optimization, but it is also as important that the optimizaon model is
tightly integrated with the algorithms to work together in synergy. With the advent
of advanced optimization modelling environments, more attention cabe focused
on formulating ORC optimization problems that are tailored for specic a group
of solvers. Some of these environments provide high- delity unit @pation models,
regression tools and inbuilt optimization solvers that allow users to lild a model
that can be solved within platform without the need for external inerfaces to other
engineering models or optimization toolboxes.

2.5 Optimization Algorithms

With a better understanding of the advantages and disadvantageof di erent op-

timization algorithms, practitioners can now focus more on formul@tg well-posed
models that are tailored to speci ¢ solvers and improve the overallgogformance. De-
pending on the type of problem and the underlying equations and vables, di erent

algorithms are used to solve the optimization problem. The following bsections
will brie y describe some of the common algorithms implemented in di eant opti-

mization solvers.

2.5.1 Nonlinear Programming Algorithms

One of the main diculties in solving NLP problems is dealing with inequality
constraints because they can either act as equality constraintsjast strictly satis es
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the inequality condition at the optimal solution. Most derivative-bagd NLP solvers,
like fmincon and IPOPT, are Newton-type algorithms and address this issue ugin
the active-set sequential quadratic programming (SQP) stratggr the interior point
(IP) method. In the active-set SQP approach [19, 64], the inequaittonstraints are
addressed by sequentially solving an approximated quadratic pr@gnming problem
of the original NLP problem with the Karush-Kuhn-Tucker (KKT) conditions using
the Newton steps. In contrast, the IP method [19, 64] attempt$o solve NLP
problems by adding a penalty term to the objective function in ordeto address the
inequality constraints. The penalty term ensures that the solutiorat each iteration
is within the feasible region and thus will satisfy the constraints at td optimal
solution. Similar to the active-set SQP method, the penalized NLP pbdem with
the KKT conditions are solved using the Newton steps.

Alternatively, there are also a set derivative-free solvers do nogéquire any deriva-
tive information and rely on the objective and constraint evaluatios to solve the
optimization problem. These solvers are mostly based on the simplerdapattern
search methods, such as classical direct search algorithms [65hased on the phys-
ical analogies of heuristics, such as genetic algorithms [66] that wederived from
the evolution of natural selection, and simulated annealing [67] thatas inspired by
the process of annealing in metallurgy. As such, they can be applienld variety of
optimization models and problems where the derivative information dhe problem
is not available, inaccurate, or impossible to obtain. While it can be easy apply
these solvers to a wide range of optimization models and problemsyidative-free
solvers do not scale well with the number of decision variables [63] ahave di -
culties with complex constrained problems [68]. Therefore, they amsore suitable
for optimization problems that are unconstrained or bound constined and consist
no more than a few dozen variables [63].

Unless optimizing convex problems, these NLP algorithms can only ens local
optimality and are dependent on a good starting point and accurateerivatives (for
derivative-based solvers). Modern NLP solvers are now signi cdptmore reliable
and are widely adopted due to the development of the quasi-Newtonethod and
globalization strategies, and the more recent Iter method [69], thahelped to over-
come the diculties in dealing with inde nite Hessians and poor starting points
[64, 19].

2.5.2 Mixed-Integer Linear Programming Algorithms

Most of the mixed-integer linear programming methods are derivedoin the branch
and bound algorithm, where the MILP problems are \branched" intasubproblems,
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called nodes, and solved as relaxed LP problems at imposed bounds$e MILP
problem will continue to recursively split into nodes until the di eren@ between
the upper bound (integer solution) and lower bound (LP solution) a& within an
acceptable tolerance. Another well-known approach for solving MP problems is
the cutting plane method. This approach works by relaxing the MILRproblem to a
complementary LP problem and cuts parts of the relaxed continusueasible region
until the solution search space only contains feasible solutions [64]héfrefore, this
will result in a convex hull reformulation of the MILP problem where arinteger point
is at every extreme point of the feasible region. Once the convexlhiormation of
the MILP is achieved, the optimal solution of the original problem care found by
solving the LP relaxation.

Since the 1990s, there have been signi cant advancements in MIuRethods,
such as better pre-processing techniques, more e cient LP cogleli erent heuristics,
better branching rules, and incorporating cutting planes to the tanch and bound
method, which have greatly improve the performance of MILP solw [70]. For
some perspective, based on a comparison test of the performramnd the CPLEX
solver on 1,852 real-world examples of MILP problems, the 2007 vers(11.0) of
CPLEX was on average 30,000x faster than the 1991 version (1.2D][7 In other
words, the speed of the solver increased roughly twofold everyaye In addition,
out of the all the problems that were tested, the 1991 version oniganaged to solve
15% of all the problems, while the 2007 version was able to solve 69%albfthe
problems. Similarly, a performance test carried out internally by theeommercial
solver GUROBI developers showed that the 2018 version (8.0) wasoat 53x faster
than the 2009 version (1.1)[71].

2.5.3 Mixed-Integer Nonlinear Programming Algorithms

The MINLP algorithms are often built by amalgamating other algorithns from
nonlinear programming, linear programming, and integer programmgy and thus
MINLP solvers are generally not completely developed from the grod up [72].
In most cases, the basis of the MINLP algorithms is built on other LPMIP and
NLP solvers, e.g., IPOPT, FilterSQP, CBC, and CPLEX. Therefore, ame MINLP
solver will revert to the MIP and NLP solvers that are provided in theoptimization
environment to solve the necessary subproblems.

One of the most common MINLP algorithms is the branch and bound rtgod,
which is a direct extension of the MILP approach where NLP relaxatiosubproblems
are solved at each node, instead of LP relaxation subproblems [64]heTresulting
NLP relaxation is then solved by an NLP solver. Another common MINE algo-
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rithm is the outer-approximation method [73, 74, 75] where insteadf relaxing the
integrality restrictions and retaining the nonlinear constraints, tle solver retains
the integrality constraints and relax the nonlinear functions [72]. As result, the
algorithm uses gradient-based linearizations of the nonlinear fumehs to obtain a
relaxation at solution points of NLP subproblems. Subsequently, aMIP solver is
then used to solve the resulting MIP relaxation. Generally, MINLP poblems are
much harder to solve than NLP and MILP problems, as they involve $ang both

kinds of problems together and are solved iteratively multiple times.

2.6 Optimization Modelling Environments

Generally, large and complex chemical process systems are modedied optimized

in advanced optimization modelling environments. Depending on the g of the
models and the capability of the modelling environments, the modelsrche simu-
lated in a dynamic or steady-state condition. These models should ally provide an

accurate representation of the original process over a large ganof operating condi-
tions to allow for optimization, and thus potentially give the systems aompetitive

advantage over their current state.

During 1955-1959, simulations were limited to design calculations fongle units
due to the slow speed and size of computers, and the limited availabiligf high-
level computer languages [76]. In 1958, the M.W. Kelloggs Corp intrackd Flexible
Flowsheet that implemented the sequential-modular approach thaolved each unit
module separately in a sequential order [76]. By the early 1960s, tlevelopment
of process modelling environments based on the sequential-modudg@proach was
growing in popularity. In addition to the sequential-modular approak, another
method called the equation-oriented approach was also developedtidg this period,
where models are represented as a set of mathematical equatiansl are solved
simultaneously. With the advent of powerful large-scale computebetween 1965 and
1969, more owsheet programs were becoming a reliable and costeive simulation
tool. Nowadays, most process simulators are usually written in C++roJava using
an object-oriented approach [5] that have more capabilities to hdle large and
complex system with more than 100,000 equations [77, 4] by providibgilt-in tools
to exploit the model structure and derivative information for an e cient modelling
and optimization. Table 2.3 shows some of the early and current press system
modelling/optimization environment.

The following subsections will discuss the two common modelling appobes,
namely, sequential-modular and equation-oriented approach, amighlight some of
the advantages and disadvantages of each method.
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Table 2.3: Process system modelling/optimization environments (agsged from [5, 6]).

144

Name Year Developer Type Application(s)

PACER 1963 Paul T. Shannon Sequential-modular Steady-state wsheet [78]
PROCESS 1966 Simulation Sciences Sequential-modular Steady-stsimulation
DESIGN 1969 ChemShare Sequential-modular For gas and oil applicets
CHESS 1969 Univ.of Houston Sequential-modular Flowsheeting/siziilogsting
FLOWTRAN 1970 Monsanto, United States Sequential-modular Floweeeting/sizing/costing
FLOWPACK Il 1972 ICI Sequential-modular Flowsheeting

ASCEND 1970-1980 Carnegie Mellon Univ. Equation-oriented = Dynamgmulation

Aspen Plus 1976 U.S. Dept. of Energy, MIT Sequential-modular All-ppose owsheeting system
TISFLO 1970-1980 DSM, the Netherlands Equation-oriented  Flowset simulation [79]
FLOWSIM Early 1980s Univ. of Connecticut Equation-oriented  Chemcal process owsheet simulator [80]
SPEEDUP 1986 Imperial College Equation-oriented = Dynamic simulation
ProSimPlus 1989 ProSim Sequential-modular Steady-state simulation
Quasilin Late 1980s CADCentre Equation-oriented  Simulation/optimiation
gPROMS 1997 [81] Imperial College; PSE Ltd. Equation-oriented  $tdy-state/dynamic modelling

COCO Simulator AmsterCHEM Sequential-modular Flowsheeting




2.6.1 Sequential-Modular Modelling

One of the oldest approaches to owsheeting and still the dominannhethod for

steady-state simulation is the sequential-modular (SM) approach 2B This ap-

proach solves each unit module/unit operation in the order of the pfd's process,
thus the output stream of each module (plant equipment) is calculat from the

input stream with respect to the module's parameters [83]. In manyases, the en-
vironments allow the user to \drag & drop"” high- delity unit operatio ns into the

owsheet and connect them together. Therefore, the streamfiormation, i.e., mass
ow, temperature, pressure, etc., will propagate from the begmng of the plant

process through to the end of the owsheet.

Solving SM models can be as simple as a \once-through calculation” foocesses
without recycles of material and/or energy, where each unit opation is solved sepa-
rately in a sequential order when all the input streams and unit opation parameters
are given or can be calculated. For recycle processes, like the ORGtem, they
are solved using a nonlinear equation solver, such as MATLABIsolve or Excel's
built-in nonlinear solver, where a particular stream in the recycle is st estimated
and then the unit operations are solved iteratively in the loop until tle stream
converges to an acceptable tolerance, e.g., the change in plantgraeters between
iterations must be< 0:0001. Consequently, this method is not e cient for optimiza-
tion because the owsheet needs to convergence to a new phykjceealisable point
at every optimization iteration, which can be expensive to executespecially with
a large and complex system with multiple recycles.

Due to the intuitive and logical procedure of the sequential-modulaapproach,
it is generally preferred and implemented by commercial owsheettbs and process
engineers [84, 83]. In addition, given that the owsheet is a serieswiit operations
connected together in the order of plant process, it relatively easo troubleshoot
and debug the model, especially for small and simple systems. Geligrahe SM
approach can produce high- delity models due to the use of rigorswnit operation
modules and thermodynamic routines, which are sometimes exteligainterfaced
to the modelling environment, that have been pre-built and validatedxtensively
by rst or third-party users and developers. This means that themodel is typi-
cally a good representation of the original system and can easily beodned to
accommodate various level of accuracy.

Some common SM-based modelling software include Aspen Plus [13],ed8t
Excel Add-In [2], and COCO [85].
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2.6.2 Equation-Oriented Modelling

The equation-oriented (EO) model represents a system as a sdéteguations that

are solved simultaneously; thus, this means that recycles can bedted as another
set of equations. Therefore, it is generally much more e cient andakter to solve
EO models than the SM-based counterparts by eliminating or redudrthe need to
iterate and converge the system recycle(s). The EO approachnche dated back to
the 1960s [4] and was predominantly limited to the academic domain atis time

[86], hence why most of the early software packages were devetbpg universities

and not industrial companies.

Some of the early EO-based modelling platforms include SPEEDUP déyeed
by the Imperial College London in 1986 [6], Quasilin developed Cambridgmi-
versity in 1988 and ASCEND (now known as Aspen Custom Modeler) widoped
by Carnegie Mellon University in 1996 [87]. These modelling environmerddow
practitioners to construct models by de ning variables and writing guations to rep-
resent unit operations. Model owsheets could then be built fromhtese prede ned
unit operations. Due to the limited memory and the slow speed of earfyeneration
computers, these packages were not adequate to solve large aachplex chemical
engineering problems. Therefore, in some cases, the complexitytiod problems
was oversimpli ed and typically led to a misleading representation of # system
behaviour [6].

With the improvement of modern computer technology, softwarengineering,
and advanced optimization algorithms, we see the advent of powdricommercial
modelling environments that are capable of processing complex cheahprocessing
system. Some current EO-based modelling environments include AMP88] and
GAMS [89]. These environments take advantage of the EO model wtture and
some o er tools that can supply rst and second derivatives and niex sparsity
information that can be bene cial to gradient-based solvers.

One major advantage of the EO approach is that it allows standardptimization
problems to be formulated relatively e ciently from the model strudure, thus the
system of equations, i.e., mass and energy balance equations, aleesl simulta-
neously with the optimization problem [20]. This bypasses the need tomverge
the owsheet at every optimization iteration. However, given thatthe system is
expressed as a set of mathematical equations, it can be hardertitoubleshoot and
construct than the SM-based model, especially for large and conypleystems that
consist of multiple recycles.
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2.7 Optimization Solvers

There are hundreds of optimization solvers that are available to ademic researchers
and commercial users [90]. The selection of what type of solver teewgepends on the
structure/format of the simulation model, as well as the optimizatia problem, which
can involve the type and number of variables and constraints, anti¢ convexity and
the nonlinearity of the optimization problem. While it is possible to simply wap a
solver around a simulation model, such as with the SM model, and allowetsolver
to search for a better simulation solution, this can be very ine cientand lead to
a long execution time. Therefore, the diculty that many researcters face is in
structuring the optimization problem in order for it to be suitable andtailored to
certain optimization solvers. More than often, this is not a trivial tssk as most
problems are very complex and there are certain limitations and remements when
using some of the optimization solvers.

Due to the nonlinear mass and energy balance equations and the rinedy-
namic correlations that are used in the steady-state model of anRT system, the
optimization problems that are formulated from the model are gemally noncon-
vex and have multiple local optima. While it is important to achieve robusand
e cient optimization, we believe that it is as important to obtain the global opti-
mal solution over the suboptimal solution because the di erence ghl translate to
a large economic advantage. Therefore, the following subsectiom#l discuss the
advantages and disadvantages of two types of optimization solgemamely, black-
box and white-box solvers, and highlight certain types of global saxs that can
deterministically guarantee global optimality.

2.7.1 Black-box Solvers

When an optimizer cannot exploit the internals of the objective furtin and con-
straints of the optimization problem as they are generally supplied danction call-
backs, it is referred to as alack-box solver This is common with the SM models
where the unit operation modules and external function calls make di cult to
obtain accurate derivatives, the underlying equations, and the laionship between
the decision variables and the constraints or objective function. sAa result, these
models are usually optimized using black-box solvers where the prahblés entirely
or partially supplied as functions that accept in a decision variable vear and output
an objective value or a vector of constraint evaluations.

Black-box solvers can be classi ed into two main categories, nametigrivative-
based solvers and derivative-free solvers. The former categofysolvers require the
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derivatives of the constraints and objective function in order toave the problem.
Examples of these solvers are IPOPT [18fmincon [17], FILTERSD [91], KNI-
TRO [92] and SNOPT [93]. The derivative information is obtained from aumber
of methods, such as nite di erence, automatic di erentiation, orsymbolic di eren-
tiation, which are discussed in Section 2.9. Sometimes, obtaining tkederivatives
can be troublesome and computationally expensive. For simple proive that can be
expressed using basic algebraic equations, such as linear and gaacproblems, the
derivatives can be calculated analytically (to numerical precision) ahsupplied to
the optimizers. However, for more complex nonlinear problems thatquire calling
external functions, such as REFPROP function routines, it can beomputationally
expensive and di cult to obtain accurate derivative information.

As mention in Section 2.5.1, derivative-free solvers do not rely on thaeriva-
tive information of the problem, but instead the function evaluatios to nd the
optimal solution. Many of derivative-free solvers are derived frorheuristic strate-
gies, such as genetic algorithms, simulated annealing, and particleasm algorithm,
and perform random search methods to nd the solution. Therefe, derivative-free
solvers are suitable for dealing with black-box models/functions whe the under-
lying equations are basically unknown to the solvers. Examples of dative-free
solvers includega [94], patternsearch [94], NOMAD [95], and PSWARM [96].
While some derivative-free solvers, such gmtternsearch , genetic algorithm and
particle swarm, are often referred to aglobal optimization method$68], it is impor-
tant to note that they cannot guarantee the global solution. Thiscan be misleading
and di erent from certain white-box solvers in the next subsectiorthat can deter-
ministically converge to the global solution.

2.7.2 White-box Solvers

When an optimizer can exploit the internals of the objective functiorand con-
straints, and has access to the structure of the underlying eqians, the relation-
ship between the decision variables and the objective function ornsiraints, and

accurate derivative information, it is referred to as avhite-box solver Therefore,
this includes all (MI)LP/QP/QCQPs solvers because the entire optinzation prob-

lem can be supplied as a series of vectors and matrices. In order thiave the
same level of accessibility with nonlinear optimization problems and ent the un-
derlying equations and correlations between decision variables anshstraints, an
algebraic model needs to be provided to the solvers. This meansttkize optimiza-

tion model must meet certain requirements and cannot consist aioshastic terms
or conditional statements, and only consists of certain operatisnand functions,
such aslog, power, and exp, that are permitted by the solvers. As a result, this
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allows the solvers to exploit the model structure of the problem ancharry out pre-
process methods to reduce the search space, generate thévdeve internally, and
identify the underlying relationships between the variables and cotmaints to imple-
ment relaxation methods and branching algorithms to e ciently solvethe nonlinear
problems.

In addition, unlike the black-box solvers discussed in the previous lssection,
certain white-box solvers can leverage of the algebraic structute deterministi-
cally guarantee theglobal solutionfor nonconvex optimization problems. This is
di erent from the stochastic methods, such as genetic algorithmgparticle swarm,
pattern search, and simulation annealing, that are sometimes class as global op-
timization methods but require in nite runtime to guarantee a globalsolution [23].
These white-box solvers are based on the spatial branch and bdumethod that
partitions the feasible region into subregions. Subsequently, atamsubregion, the
lower bound is computed from the convex relaxation of the objecgvfunction and
constraints, and the upper bound is computed from the objectivlunction of the
original nonconvex problem [63]. The algorithm compares and eliminatall subre-
gions that have infeasible constraint relaxations or lower boundsahare higher than
the lowest upper bound. This process repeats until the upper amalwer bound con-
verge and is within an acceptable tolerance. Examples of white-boslers include
ANTIGONE [97], BARON [22], SCIP [98], and COUENNE [99].

In contrast, some (MI)LP/QP/QCQPs solvers, such as CPLEX [10]) can also
nd the global solution for nonconvex problems by using the BooleaQuadric Poly-
tope (BQP) cuts that exploit a cutting plane technique to e ciently solve QP and
MIQP models to global optimality [101]. This feature can easily be invokieby set-
ting the solver's optimality target parameter and solving the optimizéon problem
as usual. Unfortunately, the BQP cuts in CPLEX does not apply to migd-integer
linear programs (MILP).

Given that most ORC models are constructed using rigorous and defed unit
operations that are developed from complex semi-empirical corriéas, experimen-
tal data, the equation of state, etc., they are usually restricteto black-box solvers,
as observed in studies by [30, 31, 102, 103, 104]. This can be a sigmtcdis-
advantage for low thermal e ciency ORC systems where a small dieence in the
capital cost, the performance and/or the investment returnsan mean the di er-
ence between a viable plant and one that is not. In addition, since OR§ystems
can typically operate up to 25+ years, these small improvements aadd up and
signi cantly bene t the overall performance and longevity of the pant. Therefore,
it is important to achieve global optimality in order to ensure that the optimized
ORC system has a competitive advantage over other plants in the insitry.
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2.8 Optimization Toolboxes

Developing a fully functioning state-of-the-art optimization solverand managing
its code can be a strenuous task and takes many years to build a rbl@aand ro-
bust solver. Therefore, process modelling environments, suchMATLAB, GAMS,
AMPL and AIMMS, typically will have some built-in optimization solvers and/or
provide interfaces to third-party solvers that are managed sepstely from the inte-
grated development environment (IDE). This allows a range of optimpation solvers
to be available to the end users, albeit there might be some licensentsrand con-
ditions associated with each individual solver that can restrict theiuse. Generally,
commercial solvers will perform better than open-source solvebgcause they are
more frequently updated and typically better funded. In addition b the optimiza-
tion solvers, other functionalities and packages are sometimes irsda with the
toolbox/IDE to help build and formulate the optimization problem, sud as ther-
modynamic property packages, symbolic toolboxes, and intuitive A®, which can
signi cantly improve the overall optimization study. The following sulsections will
detail the optimization toolbox that was used in this research and abshighlight
other alternatives toolboxes.

2.8.1 OPTI Toolbox

For this research, the OPTimization Interface (OPTI) Toolbox [10%was used as the
main optimization solver supplier/interface. This optimization toolboxprovides an

extensive set of commercial and open-source solvers for lineamlmear, continuous
and discrete optimization problems, including powerful solvers sueis BARON [22],

CPLEX [100], IPOPT [18] and NOMAD [95], see [105] for the full list of soérs.

One of the main advantages of OPTI Toolbox is its compatibility with MAT-
LAB, which o ers a huge standard library for scienti c computing ard a high-level
programming language that allows for object-oriented programmgnto make the
development and implementation of the proposed modelling frameworelatively
simple. In addition, the gure plotting capability of MATLAB is signi can tly e -
cient, simple to utilize and is compatible with other MATLAB toolboxes without
worrying about incompatible library packages. This is a valuable feata in this
research due to the need to visually analyse the regression ts inder to help im-
prove the ORC model approximations. In addition, OPTI Toolbox preides the
SymBuilder Framework that builds on MATLAB's Symbolic Math Toolbox that
will automatically generate the required Jacobian and Hessian matdas from the
proposed algebraic optimization problem, thus allowing users to camtrate on the
model formulation.
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2.8.2 Alternative Optimization Toolboxes

Every optimization toolbox has their advantages and disadvantageand the selec-
tion of which one to use can be based on many factors, such as thailability of
solvers, IDE compatibility, cost, usability and technical support. The MATLAB
Optimization Toolbox [94] provides a wide range of in-built optimization slvers for
LP, MILP, QP, and NLP problems, that handle most of the processrgineering
problems in Table 2.2. However, the toolbox is not free with MATLAB ad needs
to be purchased separately from the IDE. In addition, there aremsolvers that can
handle MINLP problems and they are all restricted to only black-boxptimization,
which is a limitation for some areas of this research.

The closest optimization toolbox to OPTI Toolbox is YALMIP [106], whichcon-
sists of 6 internal solvers and supports up to 59 external solver@hile YALMIP
contains white-box global solvers, they are generally intended fbilinear problems
where polynomial programs with high order polynomial functions arautomatically
converted to bilinear programs by the interface [107]. This is not sable for this
work since it centres around the formulations of the ORC models arndeir contri-
butions.

Another alternative toolbox is Google Optimization Tools (OR-Tools) [08],
which is an open-source software suite that is mainly aimed for linearqgramming
and mixed-integer programming problems. While the software is actly main-
tained, it is quite limited in the number of solvers available. Currently, here only
seven solvers, namely, CBC, CLP, GLOP, GLPK, GUROBI, CPLEX andSCIP,
which are mostly LP, MILP and MIQP solvers.

Newer frameworks such as PyOMO [109] and JuMP [110] are availaldePython
and Julia, respectively, and they provide a wide range of solvers thzan solve LP to
MINLP problems. However, given that MATLAB is the main IDE for this research,
both PyOMO and JuMP are currently not suitable for this research.

2.9 The Importance of Accurate Derivatives

It is widely acknowledged that providing an inaccurate gradient or Jaobian and
Hessian information can signi cantly degrade the performance ohé¢ optimizer
[19, 84]. Failure to obtain accurate gradients can lead to three issueFirst, in-
accurate derivatives can lead to premature termination of the algithm due to the
calculations of search directions that may not lead to descent diteans. Second,
inaccurate gradients can lead to ill-conditioned Hessians (or appimations of the
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Hessians) that can result in poor search directions and more iterans. Third, the
optimization algorithm will not be able to con rm that the solution is an optimum
if the derivative information is not accurate, even if it has found thesolution. Gen-
erally, derivative-based solvers will allow the user to enter the Jalsian and Hessian
information that can help reduce or bypass the issues mentioned ade. If the
derivative information is not supplied to the solver manually, there a& a number
of methods that derivative-based optimizers can implement in orde¢o acquire the
necessary derivative information. The following subsections dissuthe advantages
and disadvantages of the common methods, namely, the nite di @nce method,
the automatic di erentiation and the analytical di erentiation, tha t are used by
derivative-based solvers.

2.9.1 Finite Di erence Method

By default, most algorithms will use the nite di erence method (FDM) to obtain

the required derivatives if the gradient information is not provided. One major
advantage of the FDM is that it will work on any smooth function, eva if it is an

external function (such as thermodynamic property routines im REFPROP [35])
or a MATLAB based function. The general principle of the FDM is verysimple,
the derivative is approximated by dividing the di erence between twaclose points
on the function by the distance between the two points. Mathematally, this can
be expressed as

forward di erence backward di erence
(2.4)
fO(x) f(x+ hr)] f (x) orfo(x) f (x) L(x h)

for the forward di erence and the backward di erence formula foa univariate func-
tion, where f {x) is the approximate gradient atx, f (x) is the function evaluation
at x, f (x+ h) is the function evaluation atx + h, and h is a nite small number but
not necessarily in nitesimally small. It is also possible to approximate bysing the
centred di erence that can yield a more accurate approximation, kch is de ned

as
f(x+h) f(x h

2h

f qx) (2.5)

The FDM can be extended to nd the higher-order derivatives andlao for mul-
tivariable functions that are common in nonlinear optimization problera. However,
one major downside to the FDM is that it can only provide an estimatefdhe deriva-
tives and can lead to optimization problems mentioned in the Section 2.8urther-
more, the accuracy of the approximation can signi cantly degradéor higher-order
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derivatives, especially if the forward or backward di erence is used

2.9.2 Automatic Di erentiation

Automatic di erentiation (AD), also known as computational di ere ntiation or algo-
rithmic di erentiation, is a standard method for most optimizing environments and
IS an e cient way to compute derivatives to numerical precision. Thebenet from
obtaining accurate rst and second derivative information using te AD approach
allows the implementation of very e cient large-scale NLP algorithms hat are able
to handle up to 100,000 variables and constraints [4], which is a signimaadvan-
tage over the FDM. The AD method builds on the idea that a computeconsists of
primitive operations (such as addition, multiplication, and division) andfunctions
that can be overloaded with a derivative rule in conjunction with thedinction value.
Subsequently, the derivative of the complex function is then just eepeated imple-
mentation of the chain-rule to the composition of the primitive funcion sequence.
For further information on the AD method, refer to [111] for an egellent approach
on how to implement the AD method in MATLAB by utilizing the object-oriented
concept and overloading the original arithmetic operators and elantary functions
with a derivative rule alongside the function value. This allows the deratives to be
calculated automatically when the user evaluates a mathematical gession. The
drawback of the AD method is that it will only work with the operators and func-
tions that have been overloaded, hence the derivatives of extatrfunctions cannot
be computed.

2.9.3 Symbolic Di erentiation

Symbolic di erentiation (SD), or analytical di erentiation, calculate s the derivatives
by implementing the di erentiation rules, such as the product rule, he chain rule,
the inverse function rule, etc., to a symbolic mathematical equation Generally,
this method is implemented using a symbolic mathematics toolbox, sues SymPy
in Python [112] and Symbolic Math Toolbox in MATLAB [113], that helps dene
the variables and mathematical equations in order to symbolically dieentiate and
generate the rst and second order derivative expression. Thiseaans that the
method limited to the available di erentiation rules and requires the fuctions to
be expressed symbolically. In addition, generating the analytical pressions can
be computationally expensive and take longer to execute, especialiyth second
derivatives and when there are a lot of variables and equations to direntiate.
However, the benet of this approach is that the derivative expresions only need
to be derived once prior to the optimization process, and then thesan be reused
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for any number of optimization studies. Furthermore, similar to theAD approach,
the accuracy of the computed derivatives is to numerical precisicend thus can
signi cantly improve the performance and the computational time bthe optimizer.
However, the SD method can be slower than the AD approach if theedvative
matrices are very dense.

2.10 A Review of Shortcomings in the Literature

This chapter focused on the literature review of the common praces and tools
that are associated with ORC system optimization. The review beganith a brief
description of the ORC process as a binary cycle power plant and higjnt the
signi cant potential of exploiting the abundant low-temperature resources around
the world and consequently reducing greenhouse gas emissionsgoithtants. Given
the di erent range of topologies and operating conditions, the ORGBystem needs to
be modelled and optimized to ensure their economic viability and optimaperation.

Generally, in the literature, studies on ORC system optimization areotused
on the results of the optimization problem and not the e ciency or rdoustness
of the modelling and optimization procedure. Typically, an SM model oORC
system will be constructed in a process modelling environment, suak Aspen Plus,
with an optimization solver wrapped around the model that aims to sech for a
better simulation solution. While this can sometimes be acceptable femall \toy"
problems, it is not the most e cient way for optimization as it can restict the
derivative information and require a nonlinear equation solver for cwerging the
system owsheet and recycle(s). In addition, this approach limitsite model to
black-box optimization and thus generally cannot ensure global dptality.

While it is acknowledged that the EO approach is a better alternatived the
SM approach, there is a lack of research on the EO formulation fohé ORC sys-
tems, especially regarding large real-world ORC systems, that caropgide accurate
derivative and matrix sparsity information to the solvers. Furthemore, solving op-
timization problems with fast and reliable optimization solvers is only onaspect
of achieving e cient optimization capabilities. There is a gap in the literdure re-
garding the di erent optimization formulations of an ORC system, soh as NLP,
MINLP and MILP, that can be reformulated using various integer ad linear pro-
gramming techniques. There are advantages and disadvantagesaciated with each
formulation and investigating these attributes can help lead to be#r optimization
performance and/or model accuracy.

In order to address these shortcomings, this thesis will focus olnet integration
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of the o -line steady state optimization models with state-of-theart optimization

algorithms to achieve an optimization strategy that is robust and ecient. This

is addressed in three distinct parts. First, by providing a systemat modelling
approach for ORC systems that are robust and e cient for optimiation and also
compatible with certain white-box solvers. Second, provide a regson tool to im-
prove the performance of the optimization by without compromisingn the accuracy
of the model. Third, utilize the available linear/integer programming tehniques to
formulate an equivalent MILP model to take advantage of the availale MILP solvers
or when the NLP or MINLP models fail to converge. Figure 2.4 show$é¢ general
ow diagram of the research structure and the proposed modellifgamework.

Organic Rankine Cycle System

For large discrepancies
between the EO and

Equation-oriented (EO) Model =~ < ST R, R < Sequential Modular (SM) Model

Chapter 3 8.4

EO model using better
regression model(s) or
model formulation

Apply thermodynamics/unit ”W

operation (non)linear
regression l i

Validate the EO result by
NLP Model substituting them into
| Chapter3 &4 | the SM model

Algebraic EO Model/White-box Optimization

uoneziwndo xog-3oe|g/[apoINl INS A1ljapl-YSIH

Apply thermodynamics/unit

Apply thermodynamics/unit operation piecewise linear
operation piecewise regression and
nonlinear regression linear/integer formulation

techniques

MINLP Model MILP Model

Figure 2.4: The structure ow diagram of this research that illustrées the relation-
ship between the di erent optimization formulations and the modellingapproaches.

The proposed model framework aims to address the optimizationldeconcerning
the steady-state operational conditions and the working uid set#ion, which are
common in the literature as presented in [1, 30, 23, 58]. Thus, thissasned that
there is an existing plant with su cient plant data or a detailed schemdic plant
diagram with a heat and mass balance analysis that can be used to stact a
model. Therefore, this research does not try to address the cguaration, sizing and
design of the underlying equipment, as this is outside the scope oidlstudy and
other methodologies might be more suitable, such as the Pinch Techogy [114].
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This thesis will analyse three di erent advanced real-world ORC sysins that
vary in size and con guration in order to illustrate the optimization exibility and
e ciency of the proposed modelling framework. Two model types wilbe presented
for each ORC system, namely, the EO and SM model, as shown in Fig@t&. The
purpose of the EO model is for optimization, whereas the SM model iistended
for validating the optimized results of the EO models. There will be thee di erent
optimization formulations, i.e., NLP, MINLP, and MILP, that are derived from
applying regression analysis and integer/linear programming technigs to the EO
model, and they will be presented in the chapters highlighted in Figur2.4. The
advantages and disadvantages of each optimization formulations avell as their

research contributions, will be discussed in relation to the shortgongs mentioned
above.
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Chapter 3

The Algebraic Equation-Oriented
Formulation

This chapter will investigate an algebraic equation-oriented (EO) nuelling ap-
proach that is robust and e cient for optimization and is also compaible with

white-box solvers. The modelling approach will be rst implemented om simple
ORC system to concisely provide an overview of the proposed modadliprocedure.
Later, the same modelling approach will be applied to three real-worl@RC sys-
tems in the next chapter. This chapter will begin with a discussion othe common
sequential-modular (SM) optimization methods and highlight the adwatages and
disadvantages associated speci cally with the ORC systems. This isen followed
by a full description of the algebraic EO model development and optization using
both black-box and white-box solvers. Finally, an optimization perfianance of the
algebraic EO model will be presented, as well as a discussion on holeterage the
high- delity feature of the SM model to validate the algebraic EO modl.

3.1 Introduction

The formulation of the optimization model is one of the most importainfactors
for a successful optimization study [63]. Often an ORC system is sitated using
the SM approach, via modelling software such as Aspen Plus [13] ort&aycle
[14], where the unit operation modules are linked together and solvedquentially
in the direction of the plant's process, see Figure 3.1. This makes thevsheet
relatively straightforward and easy to solve and troubleshoot winethe input stream
at the beginning of the plant's process is known. In addition, the SMpgproach can
produce high delity models due to the rigorous unit operation moduke that are
used to construct the models. Many SM tools o er a wide range of uroperation
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modules or allow external modules to be added to their extensive libras that are
a close representation of the original unit operations. This is an impant feature
that will be exploited later in this work to validate our algebraic EO modés.

Turbine Condenser

Refrigerant Refrig_1 8 Refrigerant Refrig 1 8
Inlet Enthalpy A 701.87 kl/kg Inlet Enthalpy  634.30 ki/kg
Inlet Pressure 1.00 MPa Outlet Pressure // 0.15 MPa
Outlet Pressure 0.15 MPa Outlet Ternpeﬂﬂure 283.00K
Efficiency 85.00% Ou;leﬂﬂgss Flow 23.09 kg/s
Outlet Mass Flow 23.09 kg/s tGutlet Enthalpy 223.04 kl/kg
Power 1560.01 kW / Duty 9494.54 kW
Outlet Enthalpy 634.30 ki/kg| Quality 0
Evaporator Pump

Refrigerant Refrig 1 8 Refrigerant Refrig 1 8
Inlet Enthalpy 22497 k) Inlet Enthalpy 223.04 kl/kg
Outlet Pressure 1.00 MPa \ Inlet Pressure 0.15 MPa
Outlet Temperature 355.09 K malet Mass Flow 23.09 kg/s
Duty 11010.12 kW Outwure 1.00 MPa
Outlet Enthalpy 701.87 ki/kg Efficiency 75.00%
Outlet Mass Flow 23.09 kg/s Qutlet Enthalpy N~ 224.97 ki/kg
Quality 1 Power 44.43 KW

Figure 3.1: A sequential-modular model of a basic ORC system usingetdSteam
Exel Add-In. Non-shaded cells are inputs and shaded cells are outsg.

Generally, the SM models are optimized using heuristic methods or apization
algorithms as demonstrated in the work carried out by [15, 28]. Fonwll optimiza-
tion problems with only a few variables and constraints, this approaccan work
reasonably well; however, for large ORC systems or large optimizatiproblems, it
can become very ine cient and can lead to various optimization issueg$-irst, some
of the plant variables are not easily accessible for optimization due the rigidity
of some of the plant's component modules in the modelling simulator. €hefore,
either the practitioners develop a new module or nd an alternativexd¢ernal module
that can be interfaced into the environment. Second, it is very di wlt to obtain
accurate derivative information of the optimization problem, which isan important
input argument for the derivative-based solvers to e ciently optimze the problem.
In most cases, the solvers use the nite di erence method to estate the required
derivatives, which can lead to various convergence and terminatiossues. Third,
the optimization may be very slow or fail to converge due to di culty in solving
the internal recycle processes at every optimization iteration. koth, the optimiza-
tion solvers that are compatible with the SM models generally cannotugrantee the
global solution.

An alternative method is to use the equation-oriented approach,here systems
are represented as a set of equations that are solved simultanglgu This opens
up the model and allows the practitioners access to more decisiorrig@les that
can be optimized. In contrast to the SM approach, EO approach als standard
optimization problems to be formulated relatively e ciently from the model struc-
ture, and the mass and energy balance equations are solved corently with the
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optimization problem [20]. This means that recycles in the system areetited as
another set of equations and thus makes it signi cantly more e ciehthan the SM

optimization approach. However, similar to the SM approach, one @ problem

about the EO approach is the di culty of obtaining accurate derivatives from ther-
modynamic packages or complicated thermodynamic correlationsathare used in
the underlying EO model equations [115]. Consequently, the optimizan solver
will resort to using the nite di erence method to estimate the deriatives, and this
can result in various convergence and termination issues. While it is gsible to
use derivative-free solvers to avoid using or obtaining the derivagvinformation,

these solvers are generally more suitable for unconstrained or bduoptimization

problems, and they scale poorly with the number of variables [63]. Ihis research,
this problem will be addressed by using regression analysis to approate the ther-
modynamic correlations using di erentiable nonlinear/piecewise futions over an
acceptable range of temperatures and pressures that are apalite to the plant. The
contribution of this chapter is the application of the proposed modéng approach
to an ORC system to address the issues associated with the comnaptimization

methods as mentioned above.

3.2 Algebraic Equation-Oriented Modelling Pro-
cedure

The task of constructing an algebraic EO model amounts to deriving set of de-
terministic algebraic equations that describe the process of thessgm and approx-
imating the output characteristic of the unit operations using reggssion and ther-
modynamic analysis. It will become apparent later in Chapter 4 thathis modelling
approach is non-trivial and requires a good understanding of theulation problem
so that the model accuracy is not over compromised in order to neck the computa-
tional complexity of the optimization problem, especially with larger sstem models.
This section will fully discuss the optimization procedure of a basic OREystem,
as shown in Figure 3.2, to clearly present the proposed modelling apach. Later,
the modelling approach will be applied to three di erent real-world ORCsystems
to highlight the contribution of the modelling approach.

3.2.1 Basic ORC System Description

The topology of a basic ORC system consists of a cycle that typicallydlude a
turbine, a condenser, a feed pump, and an evaporator. This typd ORC system
has been analysed extensively in many academic papers [116, 38,nt] ia many
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standard thermodynamic textbooks such as [3, 117], thus it makes excellent
simple model for this demonstration. Therefore, the ORC systemedcribed in [1]
was used for this research, which will be referred to as Basaran ORBORC) and
corresponds to the process ow diagram in Figure 3.2. In order tabkerently and
clearly present the ORC system diagrams, the unit operations thare discussed
in the following subsections and the process ow diagrams that aregsented in
this thesis will follow the colour scheme as described in Table 3.1. Fuettmore,
the equations of the unit operations in the following subsections danonly apply
to Figure 3.2 but will also apply other ORC systems that will be discusdein this
thesis, hence the equation indices will be generalised and do not sgatly correlate
to Figure 3.2.

Table 3.1: The colour scheme of the Organic Rankine Cycle unit opei@ais and
process ow diagrams that are presented in this thesis.

Red Heat Source/Brine/Geo uid
Blue Heat Sink/Cooling Water
Green Working Fluid/ORC-A
Purple Working Fluid/ORC-B

The constant parameters that were used for the basic ORC systeare shown
in Table 3.2, which were adapted from [1] to correspond with the origah ORC
system. Please note thaP 55 was calculated using REFPROP [35] to ensure that
the quality of the working uid was at the saturated liquid point. Furt hermore, the
outlet temperature of the cooling water was decreased from 288&282 K to ensure
that the laws of thermodynamics are upheld, see Section 3.2.2.1.

Table 3.2: The constant parameters of the Basaran ORC systemd@pted from [1]).

Plant Constant Value Unit

MgRr 75 kg/s
TaRr1 369 K
Tgr3 334 K
Per 5 bar
Teowt 280 K
Tew? 282 K
Pcw 5 bar
turb 85 %
pump 75 %
Tas 283 K
Pas Ps @r a5 bar

For the purpose of this research, the ORC system will follow the saassump-
tions as the journal paper. This means the system is a steady-&and steady- ow
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363.00 K 10.00 bar
393.38 ki/kg|  60.64 ke/s

369.00 K 5.00 bar
401.98 ki/kg|  75.00 ke/s

" 1017.82 kW

- 344.04 K| 5.00 bar
326.58 K 10.00 bar ' = 297.16 ki/kg|  75.00 kg/s
263.74kl/kg|  60.64 kg/s
336.44 K 2.78 bar ”
376.60 ki/kg|  60.64 kg/s 280.00 K 5.00 bar
29.29 ki/kg| 1195.47 kg/s
334.00 K 5.00 bar
255.14 kl/kg|  75.00 kg/s
283.48 K 10.00 bar]
211.77 kl/kg|  60.64 kg/s
@‘ ? 282.00 K 5.00 bar
37.68 ki/kg| 1195.47 kg/s
[pump] 283.00 K 2.78 bar!
211.11kl/kg|  60.64 kg/s

Figure 3.2: The process ow diagram of a basic Organic Rankine Cyclgsgem as
per [1] where the working uid is R227ea. The plant was constructesh JSteam
Excel Add-In v3.20 software [2].

process; whereby changes in kinetic and potential energy are leeted, and losses
induced by friction are neglected. The thermodynamic and transpioproperties of
the brine are treated as pure water, and any dissolved salts and moondensible
gases are neglected. Furthermore, the pressure drops acrosat exchangers and
pipelines are neglected. The following subsections will analyse the e¢oam unit
operations that are found in the ORC systems, and they will be usddr the rest of
the thesis unless state otherwise. The simpli cations and assumpti® of the unit
operation analysis are based on how the ORC models are presented analysed
in their respective references. Therefore, for a fair comparisand validation of the
models, the analysis of the unit operations are assumed to be undtal operation.
However, it is possible to extend this modelling approach to accourdgrfa more re-
alistic model by using regression methods to approximate the outpcharacteristics
of the unit operation model.

3.2.1.1 Turbine Analysis

The overall goal of the ORC system is to convert thermal energytm mechanical
energy that can be used to generate electricity. This mechanicalexgy is produced
when a high-pressure vapour expands through a turbine and cassa mechanical
shaft to rotate. The thermodynamic analysis of the ORC turbine,ee Figure 3.3, is
familiar to that of a steam turbine.

Under the common assumption that the potential and kinetic eneygare negli-
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l

Figure 3.3: Turbine for organic Rankine cycle.

gible with adiabatic and steady-state operation, the output work i€xpressed as

Wb = Mwr (har ha2) = wo Mwr (har hisa2); (3.1)

where myr is the mass ow rate of the working uid, h is the enthalpy (where
subscript is stands for the isentropic process), and,y, is the isentropic turbine e -

ciency. Due to thehis a2 term in (3.1), the output turbine work cannot be explicitly
be stated in the algebraic EO model because of the thermodynamiori@lation of
the isentropic process, i.e., the input entropy must equal the outgh entropy. There-
fore, the output work will need to be approximated as an algebraicifiction, which
will be discussed in Section 3.2.2.4.

The turbine isentropic e ciency, wm, (@s well as the feed pump in the next
subsection) will be considered as a constant parameter in this raseh to remain
consistent with what is stated in the original plant's reference andot simplify the
ORC model. It is very common in the literature and in most textbooks hat the
isentropic e ciency is assumed as a xed parameter, as shown in [290, 31, 39,
118, 34, 3]. Therefore, the turbine models that are presented ihi$ research will
also use a constant isentropic e ciency.

However, it is possible to use a variable isentropic e ciency and incogpate it
into the algebraic EO models that are presented in this research, tilne isentropic
e ciency must be expressed as an algebraic function that is comphte with the
white-box solvers. For example, a study carried out by [119] consig the turbine
isentropic e ciency as a function of the enthalpy drop, tar  ha2), and the vol-
umetric ow rate at the turbine outlet. Therefore, the isentropic e ciency of the
turbine can be treated as a set of constraints and expressions hmetalgebraic EO
model.
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3.2.1.2 Feed Pump Analysis

In an ORC process, the feed pump (see Figure 3.4) is required to iease the pressure
of the working uid and move the uid to the heat exchanger(s) to ke heated up by

the heat source.

Figure 3.4: Pump for organic Rankine cycle.

Using the same assumptions as the turbine and the same variable resrolature,
the power imparted by the feed pump to the working uid is

Wpump = Mwr (hAZ hAl) = Mwr (his,AZ hAl): pump; (3-2)

where pump is the isentropic pump e ciency. Similar to the turbine analysis, the
feed pump work need to be approximated due to thies a> term in (3.2).

3.2.1.3 Heat Exchangers Analysis

The heat exchanger (see Figure 3.5) is the general term given to mituoperation
that enables the thermal energy from the hot medium to be transfred to the
cold medium. It is typical for the ORC system owsheet to have a segpate heat
exchanger for the di erent stages of the heating or cooling progeto provide acces-
sibility to the pressures and temperatures at each point. Theraf®, for the heating
process, this might involve a preheater (or economizer) that hesathe uid to the
saturated liquid point, an evaporator that vaporizes the uid to the saturated vapour
curve, and a superheater that heats the uid to the superheatkregion. Conversely,
for the cooling process, this might include a desuperheater thatals the uid to the
saturated vapour curve, and a condenser that condenses theid to the saturated
liquid curve (or the subcooled region).

The thermodynamic analysis is the same for both the heater and deowith the
assumption that they are well-insulated and that all the heat traner is only between
the hot uid and the cold uid. It is also assumed that the heat exchager operates
in a steady- ow process and that the changes in the kinetic and pential energy
are negligible. Under these assumptions, the governing equatiom fioee heater as a
thermodynamic system is

Mwr (Na2  ha1) = Mer(herr  her2); (3.3)
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< CW2 CW1

l

(a) A heater with geo uid/brine (BR) (b) A cooler with cooling water (CW)

Figure 3.5: Heat exchangers for organic Rankine cycle.

and for the cooler is

Mwe (ha1  ha2) = Mew (hewz  hew); (3.4)

where both equations follow the same variable nomenclature as theepous unit
operation analysis.

For the sake of completeness, the heat transfer surface aré#e heat exchanger
between the two uids, A, can be calculated using the general heat transfer rela-
tionship:

Qnx = UA Timro ; (3.5)

where the Q. is the heat exchanger dutyU is the overall heat transfer coe cient,
and Tywrp Iis the log-mean-temperature di erence, which corresponds to

T T, T T,
Tiwo = (Ter1 n2)  (Tero A1) (3.6)

| (Tere  Ta2)
(Terz  Ta1)

for the heater in Figure 3.5a. The overall heat transfer coe cientJ is a measure-
ment that quanti es the heat exchanger's overall ability to transér heat. A rough
approximated value ofU for di erent scenarios can be found in [3]. For practi-
tioners who are concerned with capital cost optimization of the planit might be
cost-e ective to minimise the area of the heat exchangers as thaye a major factor
in the overall cost of the plant.

3.2.1.4 Throttle Valve Analysis

The valve unit operation (as shown in Figure 3.6) is a ow-restriction amponent
that decreases the pressure of the uid. This is dierent from theurbine where
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there is no output work produced due to the pressure drop but naesult in a large
drop in temperature.

Figure 3.6: Valve for organic Rankine cycle.

Since the valves are usually a small component, there not enough &ror surface
area for the heat transfer to occur e ectively, thus the procesis usually assumed
to be adiabatic. In addition, any changes in kinetic and potential emgy that may
occur are usually very small and thus are neglected. Consequentty a steady- ow
single stream valve, the energy equation is reduced to

hA]_ = hAZ; (37)

where the inlet enthalpy is equal to the outlet enthalpy.

3.2.2 The Algebraic Equation-Oriented Model

The construction of an algebraic EO model begins by deriving the naand energy
balance equations of the system. Some of the nonlinear terms thate present
in the mass and energy balance equations can be approximated usregression
analysis, namely, the input/output power of the pump and the turtine, to allow
for the analytical derivatives to be calculated. Subsequently, atsef operational

constraints of the ORC system needs to be derived to ensure a giiaal operation,

such as the turbine inlet temperature must not exceed the lower drupper limits,

and the turbine exhaust gas must be in the vapour region. Lastly/lahe decision
variables will need to be bounded to reduce the size of the searchiom and improve
computational time. The following subsections will discuss the algedoic EO model
in more detail, and highlight the compromise between the accuracy tie model
and the computational complexity of the optimization problem.
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3.2.2.1 Temperature Pro le of Heat Exchangers

At rst glance, the model data presented in [1] seems to be accueaand thermo-
dynamically correct.
data provided in [1] was violating the second law of thermodynamics. igure 3.7

However, after further investigation, it wasfound that the

shows the state properties that were given about the condenser Table 7 of [1],
where the working uid was R227ea. This does not give enough infoation about

336.19 K 2.78 bar
376.38 ki/kg|  60.63 kg/s
280.00 K 5.00 bar
29.29 ki/kag| 298.77 ka/s
288.00 K 5.00 bar
62.83 ki/kg| 298.77 kg/s
283.00 K 2.78 bar
211.11ki/kg| _ 60.63 ka/s

Figure 3.7: The condenser of the ORC system presented in [1] withetlstate prop-
erties obtained directly from Table 7 in [1], where the hot medium is R22@ and
the cold medium is water.

the temperature pro le of the condenser and its pinch-point. Theefore, let's break
the condenser unit operation into two components, i.e., the condssr (cond) and
desuperheater (desh) as shown in Figure 3.8, and carry out sonfertmodynamic
calculations to work out the temperature at every stage of the oling process.

336.19 K

2.78 bar

376.38kl/kg|  60.63 kg/s 288.00 K 5.00 bar
62.83 kl/kg
5.00 bar e 283.00 K 2.78 bar
330.76 ki/kg|  60.63 kg/s
0 Q
280.00 K 5.00 bar
283.00 K 2.78 bar 29.29 kl/kg
211.11 ki/kg|  60.63 kg/s

Figure 3.8: The condenser unit operation of [1] separated into twags consisting
of a condenser and a desuperheater. The state properties webtained from Fig-
ure 3.7, where the hot medium is R227ea and the cold medium is waterothl that
the temperature at A2 is the saturation vapour temperature at Z8 bar, which is
the same as the saturation liquid temperature at A3.

The desuperheater cools the working uid to a saturation vapourand the con-
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denser cools the working uid to a saturation liquid. If we calculate tkb duties of
the condenser and the desuperheater, we get

Qeond = Mwe (haz  hag) =7:2546 1P kW;

(3.8)
Qaesh = Mwr (har  haz) =2:7658 10°KkW:
Assuming that the condenser is perfectly insulted, we get
Qeond = Mew Cew (Tewz  Tewr) = Mew (4:1993)(Tcw2  280), (3.9)

Quesh = McewCew (Tews  Tewz) = Mew (4:1993)(288  Tewe);

whereccy Is the constant speci ¢ heat of the cooling water that was calculatieusing
the inlet pressure and temperature value. Consequently, thereeatwo unknowns,
namely, mcw and Tcw., and two equations; therefore, it possible to solve for the

unknown variables as follows:
mn # mn #II #
T Mew T
Qcond — Ccw Ccw lcwa Ncw Tewe? (3.10)

Quesh Ccw  Ccow Tews Mcw

This results in mgyw = 298:3kg/s and Ty, = 285:8K. As shown in Figure 3.9,
the temperature at state CW2 is higher than A2, which violates theexond law
of thermodynamics. The temperature of the cooling water shouldemer be higher

336.19 K 2.78 bar
37638 kl/kg|  60.63 kg/s 288.00 K 5.00 bar
62.83 ki/kg| 298.27 kg/s

do

285.79 K 5.00 bar e 283.00 K 2.78 bar
53.58 ki/kg| 298.27 kg/s 330.76 kl/kg|  60.63 kg/s
280.00 K 5.00 bar
283.00 K 2.78 bar 29.29 ki/kg| 298.27 kg/s

211.11kl/kg|  60.63 kg/s

Figure 3.9: The calculated state properties of the condenser andsdiperheater of
Figure 3.8.

than the working uid temperature at any point in the heat exchanger because this
means that heat transfer is reversed. This is more evident in Figu®10, which
shows the heat exchange process between the cooling water amel working uid.
According to the second law of thermodynamics, heat transfer wanly occur from
the hot medium to the cold medium; therefore, this implies that the da provided
in [1] is thermodynamically incorrect.

This problem can be solved if the outlet temperature of the cooling wexr (CW3)
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Figure 3.10: Diagram showing the heat exchange process betweas ¢ooling water
and the working uid R227ea. The states refer to Figure 3.9. The axis represents
the path of the uid ow in the heat exchanger.

is less than the outlet temperature of the working uid (A3). To illustrate this
solution let's make the outlet temperature of the cooling water 1K lssthan the
outlet working uid and put no restriction on the mass ow rate of the cooling water,
and carrying out the calculation again. As shown Figure 3.11 and Figair3.12, the
temperature at A2 is now higher than the temperature at CW2. Hoewver, this
resulted in a signi cant increase in the cooling water mass ow rate taompensate
for the decrease in the outlet temperature of the cooling water.

336.19 K 2.78 bar

37638 kl/kg|  60.63 kg/s 2 282.00 K 5.00 bar
37.68 ki/kg| 1193.10 kg/s

do
281.45 K 5.00 bar e ' 283.00 K 2.78 bar
35.37 ki/kg| 1193.10 kg/s 330.76 kl/kg|  60.63 kg/s
280.00 K 5.00 bar
283.00 K 2.78 bar \ 29.29 kl/kg| 1193.10 kg/s

211.11kl/kg|  60.63 kg/s

Figure 3.11: The calculated state properties of the condenser addsuperheater of
Figure 3.8 when the outlet temperature of the cooling water was deased from
288K to 282K,

The same problem can also occur at the heater side of the ORC sysfe.e., the
evaporator, as shown in Figure 3.13. In order to analyse the tenmpéure pro le,
the evaporator need to be separated into two parts, namely, thpreheater and
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Figure 3.12: Diagram showing the heat exchange process betwedess ¢ooling water
and the working uid R227ea when the temperature at CW3 was deeased from
288K to 282 K. The states refer to Figure 3.11. The x-axis reprege the path of
the uid ow in the heat exchanger.

evaporator/superheater, as shown in Figure 3.14. Assuming thtte heat exchanger
is perfectly insulated, the heat transfer between the brine and éhworking uid can
be written as

Qevapisuph = MerCer(Terr  Ter2) = Mwe (haz  haz);

(3.11)
Quren = MerCer(Terz  Terz) = Mwr(haz  ha1);

where cgg = 4:2102kJ/kgK (calculated using the inlet pressure and temperature
value). By substituting the known terms into (3.11), we get

(75)(4:2102)(369 Tgr2) = Mwe (71983 40255),

(3.12)
(75)(4:2102)(Tare  334) = mMwr (40255  22497):

With two equations and two unknown variables, namelymyr and Tgr,, the equa-
tions can be solved simultaneously.
" # " #" #
MgR Car TBR1 _ has  hao mMgrCar My (3.13)
MgR Car TBR3 hao  ha: MerCBR  TBR2

This results in myr = 22:3kg/s and Tgr, = 346:6 K. As shown in Figure 3.15 and
Figure 3.16, the temperature at BR2 is less than the saturated liquigmperature at
A2, which again violates the second law of thermodynamics. One way $olve this
problem is to decrease the pressure of the working uid and carrybthe calculation

again. For this example, let decrease the pressure of the workingid from 10 bar
to 6.359bar so that the saturated temperature at A2 is 1K less timathe outlet
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283.53K 10.00 bar
224.97 ki/kg 22.25 kg/s
334.00K 5.00 bar
255.14 ki/kg 75.00 kg/s

369.00 K 5.00 bar
401.98 kl/kg 75.00 kg/s
363.00K 10.00 bar
719.83 ki/kg 22.25 kg/s

Figure 3.13: The evaporator of the ORC system presented in [1] withe state prop-
erties obtained directly from Table 10 in [1], where the hot medium is gég®rmal
brine (water) and the cold medium is R600.

283.53 K 10.00 bar

224.97 ki/kg = 334.00K 5.00 bar
255.14 ki/kg|  75.00 kg/s
preh
5.00 bar o " 352.62 K 10.00 bar
75.00 kg/s 402.55 Kl/kg
evap/suph
369.00 K 5.00 bar
363.00 K 10.00 bar, A 401.98 kJ/kg 75.00 kg/s

719.83 ki/kg

Figure 3.14: The evaporator unit operation of [1] separated into twparts consisting
of a preheater and evaporator/superheater. The state propees were obtained from
Figure 3.13., where the hot medium is geothermal brine (water) antie¢ cold medium
is R600. Note that the temperature at state A2 is the saturation ligid temperature
at 10 bar.

283.53 K 10.00 bar

224.97 ki/kg 22.33 kg/s = 334.00K 5.00 bar
255.14 kl/kg 75.00 kg/s
preh
346.56 K 5.00 bar e " 352.62 K 10.00 bar
307.74 k/kg|  75.00 kg/s 40255 ki/kg|  22.33 kg/s
evap/suph
369.00 K 5.00 bar
363.00 K 10.00 bar, 401.98 ki/kg 75.00 kg/s

719.83 ki/kg 22.33 kg/s

Figure 3.15: The calculated state properties of the preheater amstaporator/super-
heater of Figure 3.14.
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Figure 3.16: Diagram showing the heat exchange process betweka geothermal
brine and the working uid R600. The states refer to Figure 3.15. T x-axis
represents the path of the uid ow in the heat exchanger.

temperature of the brine. As shown in Figure 3.17 and Figure 3.18,ishresults in
the temperature at BR2 being higher than A2, but with a decrease ithe working
uid mass ow rate.

283.53 K

6.36 bar

224.68 ki/kg 21.75 kg/s 334.00K 5.00 bar
255.14 ki/kg|  75.00 kg/s
342.53 K 5.00 bar 333.00K 6.36 bar
290.85 kJ/kg 75.00 kg/s 348.51 kl/kg 21.75 kg/s
evap/suph
369.00 K 5.00 bar
363.00 K 6.36 bar 401.98 kl/kg 75.00 kg/s
732.75 kl/kg 21.75 kg/s

Figure 3.17: The calculated state properties of the preheater amrstaporator/super-
heater of Figure 3.14 when the pressure of the working uid (R60@yas decreased
from 10 bar to 6.359 bar.

Therefore, to ensure that these anomalies do not occur in the pased ORC
model, some temperature constraints need to be added to the opization problem
as shown in Figure 3.19. Consequently, the temperature of the ¢ettcooling water
will be decreased below or equal to the temperature at the outlef the condenser,
and allow the mass rate of the cooling water to increase respectively addition, if
the original system does not have a preheater unit operation, theeater will need
to be separated into two separate components, namely, into a peater and an
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Figure 3.18: Diagram showing the heat exchange process betweka geothermal
brine and the working uid R600 when the pressure of the working id was de-
creased from 10bar to 6.359 bar. The states refer to Figure 3.Ilhe x-axis repre-
sents the path of the uid ow in the heat exchanger.

evaporator/superheater, to access the temperature at satted liquid. This will
allow the temperature constraint to be added to the optimization mdel as shown
in Figure 3.19. Since the temperatures at the inlet of the cooling watand pump
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Figure 3.19: A diagram showing the temperature constraints to ems that the heat
transfer only ow from the hot medium to the cold medium. The indicesorrelate to
the Figure 3.2. Note that this diagram is for illustration purposes onlythe entropy
values for the brine (red) and the cooling water (blue) would gendha not be the
same as the working uid.

are xed, there is no need for a temperature constraint as thesemperatures will
not change during the optimization procedure. These constrainigill be explicitly
written out for the Basaran ORC system in Section 3.2.2.5.
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3.2.2.2 Optimization Parameters

In order to formulate the optimization problem for the ORC systemthere are some
optimization parameters that need to be stated. Since the pregguand temperature
at the turbine inlet are given as 10bar and 363K in the reference pap[l], these
values were set as the upper bounds for these two variables. Toiavdamaging
and degrading the performance of the turbine, the lower boundrfthe inlet turbine
temperature was set to the saturated vapour temperature atQlbar.

To optimize the model with respect to di erent working uids as per the refer-
ence, namely, R134a, R143a, R152a, R227ea, R236ea, R2900R&td R600a, and
to show the exibility of the proposed optimization approach, the lowr bound of
inlet turbine pressure was set to 1bar above the saturated liquid @ssure at the
condenser outlet. Finally, the quality of the working uid at the concenser outlet
was set to saturated liquid to comply with the general operation ofraRORC system.
Note that the optimization problem described above proposed a $gm where the
pump outlet pressure can vary; however, this modelling approacloés not restrict
to only this degree of freedom. As shown in [120], it is possible to forlate an
optimization problem where the pump inlet pressure is a decision vari@h thus
highlighting the exibility of this approach.

Two objective functions will be investigated for this optimization prdlem, namely,
maximizing the net output power and minimizing the speci c rotating mahinery
cost. The net output power is de ned as

_ X xXn
min J = Wy = Wiurb ;i Wpump;j ; (3.14)

i=1 j=1

where W, is the turbine work, n is the number of turbines,\W,,,m, is the pump
work, and m is the number of pump. While the speci c rotating machinery cost is
de ned as P-n e 4Pmc

min J = =t j=1 ol (3.15)

Wt

whereC denotes the cost of the rotating machinery. Note that the obj¢iwe function
follows the general standard of optimization format in Section 2.4htis the objective
function is negated for a maximization problem. The cost can be calculated using

the following cost correlation:

W a
= A 1
C=C we (3.16)

where W is the work of the unit operation, while Cy, Wy and a are the constant
parameters that were derived from [121, 122, 31] for the turbirad pump, as shown
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in Table 3.3.

Table 3.3: Constant parameters for calculating the cost of the tbine and pump.

Co [k$] Wo [kW] &

Turbine 950 3678 0.70
Pump 14 200 0.67

The algebraic EO models were constructed in MATLAB R2017a using AP
Toolbox v2.27 (utilizing the built-in SymBuilder framework) to e ciently use a
range of di erent solvers without the need to reformulate the prblem for the dif-
ferent solver interfaces. The optimization problem will be optimizedsing various
NLP solvers, namely, IPOPT,fmincon, FILTERSD, BARON, SCIP, and pattern-
search, which were selected based on their availability for academic use arteir
compatibility with OPTI and MATLAB.

3.2.2.3 Mass and Energy Balance

The mass and energy balance equations can be derived based on tselaw of
thermodynamics. Referring to Figure 3.2 and the associated labels the diagram,
the energy balance equations of the system can be expressedHdews:

Mwr a1 + Merherz Mwrhaz  Merhers = 0;

Mwr a2 + Merherr  Mwrhaz  Merher2 = 0;
Mwrhaz  Wiin  Mwr hag = 0; (3.17)

Mwr hag + Mewhews  Mwrhas Mewhewz = 0;

Mwr Nas + Woump  Mwr har = 0;

where myr is the mass ow rate, h is the enthalpy value, W,yn, is the pump

input power, Wy, is the turbine output power, BR is the brine and CW is the
cooling water. From the xed parameters mentioned in Table 3.2, sanof the
terms in (3.17), namely,mgr hgr1, Merherz, hcwi, hcwz, and has, can already be
calculated and substituted into the model. Note that the mass balae equations are
not needed for this cycle because the working uid mass ow is comstt throughout

the cycle and there are no losses or gains to the mass ow.

3.2.2.4 Unit Operation Approximations

In order to achieve an algebraic model structure, rigorous unit @pation functions
cannot be used in the model due to the isentropic terms in (3.1) and.@). Therefore,
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the two work expressions in (3.17), namelyAL,, and \Wy,mp, Need to be approx-
imated as a function of enthalpy and/or pressure. This can be caed out using
a regression toolbox, such agptifit  [105], MATLAB Curve Fitting Toolbox or
pwfit (see Section 6.2.1).

Based on the assumptions made in Section 3.2.2.2 that the state oéttvorking
uid is a saturated liquid at the pump inlet (see Table 3.2) and that thee are no
pressure drops across the heat exchangers, iRy = Paz 2 [Pas+1, 10] bar (where
10bar is the turbine inlet pressure value from [1]), a set of isentropump work
values can be calculated at various input pressures. The correlatibetween isen-
tropic pump work and the outlet pressure can then be approximatevia regression
analysis, as shown in Figure 3.20. The criteria to select the order dfet regression
polynomial closely resemble that of the Akaike and Bayesian informah criteria
as presented in [123], where there is a de ned metric that penalisdsetorder of
the polynomial (parameter) with respect to the SSE value (the gaimess of the t).
This concept was adopted in this thesis but in a more general senseiicreasing the
polynomial order only if the regression error plots and the discrepeies between the
EO model and the SM model (where the optimized results are substied into the
SM model) are too large. This approach seems to be su cient for thisesearch and
allows the user the exibility to make their own compromise between # complexity
and accuracy of the polynomial regression. As a result, the pumppiat power now
becomes

Bis.oumom
Wpump = Is,p::nr:p =WF ; (318)

where
Rispump = 1:02 P2 +0:0691P, 0:192 (3.19)

is the approximated isentropic work. Note that the indices in (3.19)eafer to Fig-
ure 3.2.

The turbine output power can be approximated using a similar appraa but
with two independent variables, namely, the inlet pressure and erdlpy. Based on
the assumptions made in Section 3.2.2.2 that the inlet temperaturercaary between
Tas 2 [Tyg@1obar 363]K, the inlet pressure can vary betweeR a3 = Pa; 2 [Pas+1,
10] bar, and the outlet pressure is equal tB 55, a set of isentropic turbine work values
can be calculated, as shown by the black dots (top plot) in Figure 3.25ince there
are no explicit turbine temperature terms in (3.17), the respectivénlet enthalpy
values were calculated for the inlet temperatures. This results in ¢hfollowing
turbine work expression:

Wiy = ﬁis;turb turb MwF ; (3-20)
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Figure 3.20: The regression t and error plot of the pump isentropiavork as a
function of the outlet pressure. The black dots (top plot) are th(REFPROP ther-
modynamic calculations.

where

Riswn =0:0208P%  0:41P2  0:00055P2 hag+

(3.21)
0:01863A1 hA4 +0 :5563A1 O:O424‘1A4 0:174

is the approximated isentropic work of the turbine as a function ofhe inlet pressure
and enthalpy.

Note that the proposed modelling approach does not restrict thgerating range
of the pump and turbine to what is stated above. They can be chagad to suit other
optimization problems if the ORC system is required to operate undex di erent
operating condition.

3.2.2.5 Operational Constraints

For the ORC system to operate within practical limits, there are som operational
constraints that need to be considered. These are superheatsypcooling require-
ments, the pressure drop across heat exchangers, heat logs, én compliance
with [1] speci cations and assumptions, the turbine inlet conditions @ed to be con-
strained. Based on the optimization speci cations in Section 3.2.2.2he turbine
inlet temperature needs to be constrained betweerk gionar and 363K, see Fig-
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Figure 3.21: The regression t and error plot of the turbine isentrpic work as a
function of the inlet enthalpy and pressure. The black dots (top ptp and the grey
dots (bottom plot) are the REFPROP thermodynamic calculations.

ure 3.22. Since there no explicit turbine temperature terms in the adgpraic EO
model, the corresponding enthalpy values at both temperature lingtwere calcu-

lated using REFPROP and regressed. Therefore, the lower- andpgy-temperature
limit can be constrained as

Nas f 369 K:Pa1 2[Pas +1:10] bar
@ ;Pa1 2[Pas +1,;10] bar (322)

has ﬁ@Tg@lo bar ;Pa1 2 [Pas +1;10] bar s

where

R@3sokpu 2(Pas +1:10jbar = 0:0005262,  0:005742  0:83%P,; + 403;

, ) (3.23)

The regression plots of the lower- and upper-temperature limits @rshown in Fig-
ure 3.23.

In addition, to ensure that state A2 operates at the saturated ligid point, the
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Figure 3.22: The feasible region of the turbine inlet condition.
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Figure 3.23: The regression curve regressions the turbine inlet lealpy at the lower-
and upper-temperature limit as a function of the inlet pressure. Téblack dots are
the REFPROP thermodynamic calculations.

following constraint was added

haz = B @y 2(Pas +1:101; (3.24)

where
Rt @poy 2(pas +1:120) = 0:029P2,  0:94P2 + 15:2P,; + 176: (3.25)

The approximation curve of (3.25) is shown in Figure 3.24.

Lastly, in order to ensure that the second law of thermodynamics isot vio-
lated (as discussed in Section 3.2.2.1), the following temperature stmints were
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Figure 3.24: The saturation liquid curve regressions for the BORC abraic EO
model. The black dots are the REFPROP thermodynamic calculations.

introduced in the optimization problem:

Tgr1 T\A3 1
Tere Taz 1 (3.26)
Ters Tar 1
Tas Towz 1

Tar = 0:0146P4, +0:88hp; +97:3;
Tae = 0:31P2 +9:72Pa; + 260;
Tas = 377 10 °h2, 0:017Parhas + 1:21hpg +8:12P5 119 (3.27)
Tas = 0:0007582, + 1:7hp, 197
Tere = 0:238gg, +273:

While the last equation in (3.26) might seem excessive because the parature of
the cooling water was set lower than the temperature at the outleif the condenser,
this constraint was added to help troubleshoot the model if there &n error or if the
solver converge to a infeasible point, and to reinforce that tempaure di erence at
any point between the hot and cold medium is always positive. Figure 3.Zhows
the temperature regressions in (3.27). In some cases, in ordeafproximate all the
possible temperature values for some states, the temperatukesre calculated using
the 2D grid coordinates of the pressure and enthalpy values thaevwe generated using
MATLAB's meshgrid function. Consequently, in some cases, a few temperatures
are replaced with the mean temperature of the corresponding romhen they are in
the two-phase region due to the range of the pressure and enfhabounds. While
the constraints and bounds will restrict the ORC system from opating in the two-
phase region, the modi cation to the temperature matrix was madéo achieve a
more accurate t.
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Figure 3.25: The temperature regressions of the Basaran ORC tgys as shown in
Figure 3.2. The black dots are the REFPROP thermodynamic calculatics.

3.2.2.6 Bounds

In order to reduce the search region and decrease the executiiome, all the decision
variables need to be bounded within a sensible range. For this optimiza prob-
lem, the bounds were calculated based on the thermodynamic apgroations and
assumptions that were made about the ORC system. Therefordyet bounds for the
BORC system using R227ea as the working uid were as follows for tlemthalpy
values:

21120 ha 21177,
22177 hay 26374
35682 has; 39959 (3.28)
33077 has 39572
25514 hgg 40198
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for the mass ow rates and pressure:

1000 myr 1000;
11000 mcw 130Q (3.29)
3:78 Pa1 1G:00;

and for the rotating machinery works:

73320 W, 122200
3017 Woump 5028 (3.30)
76337 Wi, 127228

Note that since the ORC system will be subjected to various workingids, the
mass ow bounds were set to accommodate for all the di erent uid, whereas the
pressure and enthalpy bounds will change depending on the workingd due to its
thermodynamic properties.

3.2.3 Optimization Parameters and Settings

Once all the mass and energy balance equations, constraints, dalinds have been
derived, the optimization problem can be formulated and should relsun the general
nonlinear programming format that is shown in (2.3). Please refer tAppendix A
for the full explicit optimization problem of the Basaran ORC system.With the
optimization problem constructed using the SymBuilder frameworkthe following
model statistics were obtained:

SymBuilder Object
BUILT in 0.515s with:
- 11 variables
1 objective
- 1 linear
- 0 quadratic
- 0 nonlinear
15 constraint(s)
- 2 linear
- 8 guadratic
- 5 nonlinear
22 bound(s)
0 integer variable(s)

Utilizing the OPTI Toolbox, the optimization problem was optimized usingNLP
solvers. Unless stated otherwise, all the optimization proceduregre performed on
a 64bit Windows 3.1GHz Intel Core i5. The default OPTI settings for lte all the
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solvers were used, except for the maximum number of nodes (80°), maximum
number of iterations (5 1(P), maximum number of function evaluations (5 10°)
and maximum execution time (36 10°).

3.2.4 Basaran ORC Optimized Results

The algebraic EO model was optimized with six NLP solvers, and the aptized net
output power results are shown in Table 3.4. Two interesting pointsac be made

Table 3.4: The optimized net output powers and the solve times of thBORC
algebraic EO model.

Solver J [KW] Time [s]

IPOPT 1018.13 0.018
fmincon 1018.13 0.045
FILTERSD 1018.13 0.004
BARON 1018.13 0.513
SCIP 1018.13 0.488

patternsearch 980.34 525.7

from the optimized results. First, not every solver converged tche same solution
and, therefore, this indicates that a local optimum was found. Send, the white-box
global solvers and the gradient-free solvers were slower than tderivative-based
solvers. This is expected as both the white-box global solver andetrgradient-
free solver algorithms generally require more function evaluationand hence will
contribute to longer execution times. In addition, the proposed feulation allows

the derivative and matrix sparsity information to be provided to thesolvers, which
would have contributed to a more e cient performance and bettercomputational

times for the derivative-based solvers.

The highest net output power was 1018.13kW, and the lowest was®384 kW.
Both white-box solvers (SCIP and BARON) and all of the derivativebased solvers
(IPOPT, fmincon, and FILTERSD) found the global optimum. Whereas pattern-
search converged to a suboptimal solution of 980.34 kW. This con rms thaeven
though some gradient-free solvers are classi ed as \global" solserthey cannot
guarantee the global optimality, unlike the white-box global solvers Unless the
optimization problem is convex, the black-box solvers cannot enguthat the solution
is the global optimum.

Comparing this proposed optimization formulation to a similar study byHuster
et al. [23] that utilised the EO approach to optimize the net output pwer of
a similar basic ORC system, the average solve time of BARON presette this
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thesis is signi cantly faster by around 26x than the results shown ifiable 1 of [23].
This could be due to the use of simple regression ts, i.e., polynomialrfctions,
compared to the nonlinear thermodynamic equations proposed in [23While the
journal paper focused on highlighting the performance of their déal optimization
framework exceeding that of BARON, the results did give a rough inchation of
the performance of optimizing an ORC system using BARON and the afraic
EO approach outside this research, and also highlight the interest the literature
surrounding global optimality. Therefore, this illustrates the needor this research
and the proposed modelling formulation.

Taking the optimization problem further and optimizing the specic rdating
machinery cost, the optimized results in Table 3.5 were obtained. Aga pattern-
search did not nd the same solution as the white-box solvers and converddo a
local optimum of 399.87 k8MW. Whereas all the derivative-based solvers and the
white-box solvers converged to a global optimum of 398.19H8W .

Table 3.5: The optimized speci ¢ rotating machinery costs and the ke times of
the BORC algebraic EO model.

Solver J [k$=MW] Time [s]
IPOPT 398.19 0.016
fmincon 398.19 0.089
FILTERSD 398.19 0.006
BARON 398.19 0.741
SCIP 398.19 0.340
patternsearch 399.87 527.0

Similar to the previous objective function, all the derivative-basedolvers con-
verged to a solution signi cantly faster than both the white-box stvers and pat-
ternsearch . In addition, all the solvers converged to the same operating poiiis
the previous objective function, which indicates the global optimunfor the specic
rotating machinery cost is at the same operating point as the globalptimum for
the net output power.

For future optimization problems, patternsearch will no longer be investigated
as they are not suitable for large-scale and constrained problem J[63 addition,
patternsearch cannot deterministically guarantee the global solution and cannot
fully take advantage of the algebraic structure of the proposed adel formation,
namely, the derivative information, given that it is a derivative-freesolver. Fur-
thermore, given the poor performance opatternsearch presented by this simple
optimization problem compared to the other solvers, it would be morsensible to
use derivative-based solvers that can achieve a much faster exem time.
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3.2.5 Algebraic Equation-Oriented Model Validation

As previously mentioned in Section 3.1, the SM models are not tailoredrfopti-
mization compared to the proposed EO model, especially for large ORgstems
(see Section 5.2.2). However, the SM model can be used to validate tlgebraic
EO model since it provides a high delity model of the ORC system dueotthe use
of rigorous unit operations and thermodynamic packages. This is anportant part
of the proposed modelling framework, as it will show the reliability andauracy of
the approximated EO model to the original system.

The high delity SM model in this research was constructed using J&8am MAT-
LAB Interface v1.72 [124], which was considered as the \gold standa for the pur-
pose of this study as it is the closest representation of the originsystem. This is
because the unit operation modules that are provided in JSteam am@delled using
explicit thermodynamic calculations and REFPROP routines, not via aproxima-
tions, thus gives a very accurate model of the original plant. While its possible
to use another simulation platform, such as Aspen Plus [13] and VM@ [36], the
built-in MATLAB interface and its compatibility with OPTI Toolbox made J Steam
the most e cient choice for this research.

In addition to validating the algebraic model, once the SM model is coinacted
and solved using the nominal plant data with a nonlinear system solvgsuch as
fsolve in MATLAB), it can be used as the initial guess for the optimization prdlem
for the algebraic EO model. Since dierent initialization values can resuin a
di erent optimization time and solution, it is important that a sensible initial guess
is used for the optimization problem. Therefore, for this researckhe initialization
values were taken from the SM model that was solved using the origlnplant
information to minimize the issues associated with a poor initial guess.

Table 3.6 shows the discrepancies between the original BORC systanjl] and
the JSteam SM model. The nominal design values were taken directhpiin [1] and
were substituted into the SM model, namelyPa1, Taz, and Taz, that corresponded
to 10 bar, 326.58 K and 363K, respectively.

Due to the anomalies found in [1] regarding the heat exchangers asadssed
in Section 3.2.2.1, there were some modi cations to the original ORC st¢m. This
included decreasing the outlet temperature of the cooling watergim 288 K to 282 K,
and adding a preheater unit operation to the ORC system to ensuithe laws of
thermodynamics are being upheld. This consequently led to some lajscrepancies
between the journal paper and the JSteam SM model, noticeablyghow rate of
the cooling water in Table 3.6. Furthermore, the pressure at the ndenser outlet
was recalculated to ensure that the working uid is at the right satuated point
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due to rounding errors. This means that the pressure values clgad slightly from
2.7800 bar to 2.7823 bar. Consequently, this propagated along tbycle and a ects
the enthalpy value at other stages of the system. As a result, thisn also contribute
to the discrepancies between the journal paper and the JSteariviS$nodel.

Given the numerous unforeseen errors found in [1], including the falsalcula-
tions of the saturation temperatures of some of the working uid¢see Fig. 11 and
Fig. 12 in [1], where the saturation temperature at 10 bar for R29(hd R600a should
be 26.9C and 79.5C, respectively, not 47C and 87 C) and the thermodynamic vi-
olation in the heat exchangers (see Section 3.2.2.1), the optimizeduks will not
be compared to the journal paper as their results are thermodsmically invalid
and thus will not give a fair and reliable comparison. However, this p&p o ers a
great opportunity to illustrate some of the important checks and reors that can go
unnoticed when modelling ORC systems, and they need to be addeggo uphold
the laws of thermodynamics and conventions.

Table 3.6: The comparison between the original nominal design propes [1] and
the JSteam SM model.

Plant Nominal SM Model Error
Parameter Design (Base Case) [%]
Total Heat Duty Input, [kKW] 11013 11013 0.00
Condenser Duty, [kW] 10021 10036 0.15
Turbine Power, [kW] 1030.7 1017.8 1.25
Pump Power, [KW] 38.8 40.22 3.66
Net Power, [kW] 991.91 977.6 1.44
Working Fluid, [kg/s] 60.63 60.64 0.02
Cooling Water, [kg/s] 298.77 1195.5 300.13
Thermal E ciency, [%0] 9.01 8.88 1.44
Speci ¢ Machinery Cost, [k$/MW]  397.82 400.26 0.61

In order to ensure that the thermodynamic approximations have at violated
any thermodynamic laws or give an inaccurate representation ofédhORC system,
the optimized results will be substituted to the high delity SM model. deally,
the discrepancies between the two models should be as small as iptesswhich
will indicate that the approximated EO model is an accurate represgation of the
original ORC system. As shown in Table 3.7, the errors between thed models are
less 1%, which is very favourable. For this ORC system, the solverisl@onverge to
the same operating point for both objective functions becausedte is little room
for improvement given the size/complexity of the basic ORC systentlowever, for
more complex ORC systems, such as the ones that will be presentedChapter 4,
the solvers are less likely to converge to the same operating point.

Note that due to the thermodynamic approximations and the impogk con-
straints on the optimization problem, as well as the tolerances antopping criteria
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Table 3.7: The validated algebraic EO model for both objective funidns. The
values in the square brackets show the relative error [%] betwedretSM model and
the algebraic EO model.

IPOPT/ fmincon/

Plant Parameter BARON/SCIP/ patternsearch
FILTERSD/

Total Heat Duty Input, [kW] 11013 [0.00%)] 11013 [0.00%)]
Condenser Duty, [kW] 10001 [0.06%] 10036 [0.03%)]
Turbine Power, [kW] 1062.6 [0.55%] 1017.3 [0.32%)]
Pump Power, [kW] 50.26 [0.04%)] 40.18 [0.02%)]
Net Power, [kKW] 1012.4 [0.57%] 977.07 [0.33%)]
Working Fluid, [kg/s] 75.85 [0.00%] 60.64 [0.00%)]
Cooling Water, [kg/s] 1191.3 [0.06%] 1195.5 [0.03%]
Thermal E ciency, [%] 9.19 [0.54%)] 8.87 [0.34%)]
Speci ¢ Machinery Cost, [k&EMW] 398.96 [0.19%] 400.32 [0.11%)]

of the solvers, the optimal solution can render di erent from the true" global opti-
mum. Thus, there will generally be some discrepancies between thd 8iodel and
the approximated EO model. It is possible to reduce this error by ugina higher
order t or a piecewise t, which will be addressed in Chapter 6. Howeer, with any
approximation models, not just within this research, there will be soe dependen-
cies between the original system and the model that can deviat®in the optimum
solution. This is not a new problem in operations research, and praabners need
to take into account the accuracy of the model when any approxewions are carried
out and decide if the small di erence in the optimal solution is acceptde for their
purpose.

Given that the ORC process can be analysed on a Ts diagram, an aftative
way to validate the algebraic EO model is to superimpose the di ererstages of the
ORC process onto the Ts diagram, as shown in Figure 3.26. The Ts diag will
give a visual analysis of the optimized system and indicate if it is operag as an
ORC system and has not violated any thermodynamic constraints.

To an engineer, the general ORC process and con guration arengeally known
prior to the optimization process, thus they can reasonably spdate where a fea-
sible operating point can be in order to comply with the thermodynamitaws and
mechanical constraints from the Ts diagram. This includes ensurirtbat the state
properties at the inlet and outlet of the turbine (A3 and A4) is not in the two-phase
region, the temperature of the condenser outlet (A5) is at the ggi ed value and at
the saturated liquid or subcooled region, and the output pressuid the pump (Al)
is within the speci ed bounds.

Furthermore, to ensure that the thermodynamic violation does rnaccur in the
heat exchangers, the temperature pro le of the preheater, aporator/superheater,
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Figure 3.26: The Ts diagram of the optimized algebraic EO model usingARON
and patternsearch , where the each solver converged to the same operating point
for both objective functions.

and condenser can be plotted and analysed, as shown in Figure 3.8d Rigure 3.28.
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Figure 3.27: Diagrams showing the heat exchange process betwdengeothermal
brine/cooling water and the working uid, where the net power of tle plant was
optimized using BARON. The states refer to Figure 3.2. The x-axis peesents the
path of the uid ow in the heat exchanger.

With the temperature constraints in Figure 3.19 incorporated into he optimization
problem, the anomalies discussed in Section 3.2.2.1 did not occur in baththe
optimized scenarios and did not violate the second law of thermodymécs.

3.2.6 Working Fluid Selection for the BORC System

In addition to nding the optimal operating point for the ORC system, the opti-
mization model can be used to investigate various aspects of the milasuch as the
working uid selection. For the BORC system, the eight pure workinguids that

were investigated in the original reference paper [1] were selecfedthis optimiza-
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Figure 3.28: Diagrams showing the heat exchange process betwdengeothermal
brine/cooling water and the working uid, where the net power of tle plant was op-
timized using patternsearch . The states refer to Figure 3.2. The x-axis represents
the path of the uid ow in the heat exchanger.

tion problem. It is important to mention that optimizing the ORC system in regards
to the working uid selection is an exhaustive optimization procedur¢hat involves
having an outer iterative loop that goes through all the potential wrking uids.

Trying to carry out this optimization procedure using the traditiond SM approach
would be very ine cient and can lead to various optimization issues, agpposed to
the proposed algebraic EO model.

Optimizing the net output power of the ORC model using BARON with repect
to di erent working uids yielded the optimized results in Figure 3.29.

1400.00
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800.00
600.00
400.00
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R134a R143a R152a R227ea R236ea  R290 R600 R600a
Working Fluid

Net Power [kW]

Figure 3.29: The validated optimal net output powers of the BORC stem with
respect to di erent working uids.

Two interesting results can be observed from Table 3.8. First, R6Qibtained
the highest net output power of 1325.4kW and R143a obtained thewest value
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Table 3.8: The validated optimal net output powers [kW] that were opmized using
BARON.

BARON Solve Time [s]

R134a 807.38 0.643
R143a 202.03 1.855
R152a 940.07 0.567
R227ea  1012.4 0.513
R236ea  1266.4 0.541
R290 499.64 0.643
R600 1325.4 0.654
R600a 1293.9 0.510

of 202.03 kW, which shows that the output net power of the plant cadrastically
be inuenced by the working uid selection. Second, the average lse time of
BARON is less than 2 s for all of the working uids. This is expected givethe small
size of the optimization problem presented in this chapter. This highligs one of
the contributions for this optimization framework, which is that it can e ciently
optimize the plant with respect to di erent working uids within a reasonable time
frame and can achieve global optimality for each working uid using wte-box
solvers.

Similarly, the same working uids were optimized with respect to the sgcic
rotating machinery cost objective function using BARON, as showm Table 3.9.
Figure 3.30 compares the optimized results of the di erent workinguids against

Table 3.9: The validated optimal speci c rotating machinery costs [K$1W] that
were optimized using BARON.

BARON Solve Time [s]

R134a 420.81 0.547
R143a 645.63 0.509
R152a 400.23 0.501
R227ea  398.96 0.741
R236ea  363.62 0.432
R290 489.76 0.508
R600 359.28 0.479
R600a 365.75 0.601

each other, which shows that R600 has the lowest speci ¢ rotatingachinery cost
of 359.28 k$/MW and R143a has the highest value of 645.63 k$/MW.

Note that the optimization problem present in this research only facsed on two
objective functions, but there are other aspects of the ORC dgsn that can be opti-
mized, such as the speci ¢ heat exchanger area, the utilization eiency, mass ow
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Figure 3.30: The validated optimized speci ¢ rotating machinery costof the BORC
system with respect to di erent working uids.

rates, and di erent operating conditions, that might be viewed moe signi cant to

the viability of the plant. Therefore, although the optimized resultgresented in this
chapter was limited to two aspects of an ORC system, this should nondermine
the contributions of the proposed algebraic EO modelling approactCompared to
most ORC models that are constructed using the SM approach, throposed al-
gebraic model allows the analytical derivative information to be praded to the
solver and, thus, bypassing the issues associated with using theitendi erence

method as discussed in Section 2.9. In addition, the algebraic struot also allows
global white-box solvers that can deterministically guarantee thelgpal solution to

be used, which can be a major advantage in a competitive market. faermore,

the equation-oriented structure of the model allows the systenecycle(s) to be e -

ciently optimized and solved simultaneously without the need of solviran internal

owsheet using a nonlinear equation solver. These attributes makée proposed
algebraic EO model e cient and robust for optimization and, henceaddressing the
main focus of this research.

3.3 Summary

This chapter has introduced an algebraic equation-oriented modeljrapproach for
an ORC system that is tailored for e cient optimization. This involves deriving

a set of algebraic equations that describes the ORC system usingetimodynamic
and regression analysis. As such, a detailed description of the mbf@tegmulation

and optimization procedure was given, which included deriving the emyy balance
equations, approximating the unit operation processes and theadynamic terms,
and validating the optimized results. Compared to the traditional SMmodel, this
proposed algebraic model structure can be exploited by the deriie-based solvers,
such as IPOPT, fmincon, FILTERSD, etc., and allows analytical derivatives (ac-
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curate to numerical precision) to be supplied and improve the ovdlaptimization
performance of the solvers. In addition, this modelling approach alsallows the
implementation of certain advanced white-box global solvers, natge SCIP and
BARON, that ensure the global optimality of the optimization problem

Both the white-box and black-box solvers were used to optimized ¢halgebraic
EO model and were compared against each other. As expectedthhwhite-box
solvers managed to nd the global solution for the EO model, whersgattern-
search converged to a local solution. Interestingly, some black-box sofge namely,
IPOPT, fmincon, and FILTERSD, also managed to converge to the same solution
as the white-box solvers, but this is not always guaranteed. Furémmore, the ORC
model was optimized with respect to di erent working uids in order © demonstrate
the proposed modelling approach in an exhaustive optimization sehrapplication.

The following chapter will implement the same modelling method on thremal-
world ORC systems to highlight the exibility and the scalability of the proposed
modelling approach.
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Chapter 4

Algebraic Equation-Oriented and
Sequential-Modular Models: Case
Studies

This chapter details the construction of the algebraic equation-@nted (EO) mod-
els of three real-world Organic Rankine Cycle systems, namely, intligl binary
cycle power plants. This builds on the modelling approach discussed hretprevious
chapter and applying it to a larger and more complex system. Theseoutels will
form the basis of the other formulations that will be investigated in Gapter 6 and
Chapter 7. In addition, the validation of the sequential-modular (SN models will
also be presented. The chapter is divided into three sections wherach section is
dedicated to one of the three plants. Each section will start with aekcription of
the plant and provide a process ow diagram of the system. This is &n followed by
a detailed description of the algebraic EO model and the thermodymac approxi-
mations that were carried out. Finally, the equivalent SM model is prsented and
validated against the original nominal design.

4.1 Introduction

The three ORC plants that will be presented as the case studies atee DOE Pilot
Plant [3], the USGeo Plant [3], and the Magmamax Binary Power Plant [3,].7 These
three plants were selected based on their advanced con gurat®that represent a
wide range of ORC systems, as well as their freely available design gatameter
information that is su cient enough to model the plant. In order to simplify the
modelling procedure and for a fair comparison between the origindapt information
and the models, the following simpli cations and assumptions were madthe plants
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are assumed to be a steady-state and a steady- ow processames in kinetic and
potential energy are negligible, losses induced by friction are negligipand the
thermodynamic and transport properties of the brine and coolingater were treated
as pure water.

The three algebraic EO models were constructed in MATLAB using th&ym-
Builder framework via the OPTI Toolbox. This is to allow the Jacobian ad Hessian
matrices, including the matrix sparsity information, to be automatially generated
and provided to the optimization solvers. These algebraic EO modelseaaccom-
panied by an equivalent SM model that is constructed using the JSte;n MATLAB
Interface for each of the plant, which will be used to validate the ajpnized results
of the algebraic EO model. In addition, both the algebraic EO models dnthe
SM models were constructed with exibility in mind, thus the models carbe sub-
jected to di erent working uids that comply with the upper and lower limits of the
operating conditions.

4.2 DOE Pilot Plant

One way to minimize thermodynamic losses in the heat exchangers is reduce
the temperature di erence between the hot and cold uid, e.g., thgeo uid and the

working uid. This can be achieved via a dual-pressure ORC systemjwere there is a
two-stage heating-boiling process that achieves a closer tempara match between
the working uid and the geo uid than the conventional basic ORC sgtem. The
United States Department of Energy Pilot Plant (DOEP) is a dual-presure binary
cycle power plant, which consists of a high-pressure (HP) and a Igxessure (LP)
ORC element. The plant only has one circulating pump that is used to gerate the
high-pressure uid for the system. After exiting from the pump, he working uid

is heated inside the low-temperature (LT) preheater before beirggparated into the
LP and HP elements. A portion of the working uid enters the contrd valve and
the LP evaporator/superheater before expanding through theP turbine. Whereas
the other portion of the working uid continues to be heated by theHP preheater
and HP evaporator/superheater before expanding through thelP turbine. The

exhaust vapours from both turbines are mixed together beforantering the water-
cooled condenser and the pump. Figure 4.1 shows the process aagdam of the
DOEP that was modelled for this research. The following subsectiomsll detail the

algebraic EO model of the DOEP and the validation of the SM model.
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Figure 4.1: The process ow diagram of the DOE Pilot Plant with R600a & the
working uid. The state-point properties were obtained from the slved SM model,
see Section 4.2.2.

4.2.1 DOEP Algebraic Equation-Oriented Model

The algebraic EO model of the DOEP was based on the nominal desigats-point
properties that were adapted from [3], as shown in Table 4.1. In antampt to
maintain the design speci cations of the plant when the model is optirred under
di erent operating conditions, the following constants listed in Table4.2 were used
in the model. These constants were adapted and derived from theminal design
state-point properties in Table 4.1 and from the reference text [3juch as the mass
ow fraction and the isentropic e ciencies of the pump. Note that in order to
optimize the model with respect to di erent working uids, the presure at state
A8 was recalculated at the saturation point using the condenser et temperature
and o set by 0.26 bar to account for the subcooling condition as p¢8].

Using the process ow digram in Figure 4.1, the energy balance eqimats of the
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Table 4.1: The DOEP nominal design state-point properties that wer obtained
from [3]. Refer to Figure 4.1 for the state labels.

State Temperature Pressure Entropy Enthalpy Mass Flow

label K] [bar]  [kI/kgK] [ki/kg]  [Kg/s]
BR1 416.48 43.30 1.76 603.83  131.04
BR2 394.26 - - 508.93  131.04

BR3 378.71 i . 442.87  131.04

BR4 360.93 i . 367.97  131.04

BR5 335.37 i . 260.74  131.04

Al 313.71 26.31 1.32 20870  117.68
A2 355.37 26.31 166 41038  117.68
A3 355.37 26.31 1.66  410.38 77.24

A4 388.71 26.31 1.95  519.98 77.24

A5 388.71 26.31 2.38 686.45 77.24

AB . . - . .

A7 326.48 5.34 238 62572  117.68
A8 311.48 5.34 131  292.26  117.68
A9 355.37 14.00 1.66  410.84 40.45

A10 355.37 14.00 2.37 659.93 40.45
All . - i i -

CW1  297.04 19.93 0.35 100.25  948.76
Cw2  308.15 - - 146.77  948.76

algebraic EO model can be expressed as follows:

Mwr Nag + Woump  Mwr har = 0;
Mwr har  Mwr haz + Merhgrs  Merhgrs = 0;
Zmwr has  ZMwr has + Merhgre Merhgrz = 0;
youtuzmwe has  ZMwr has + Merhgrr  Merhpr2 = 0;
zmwr has  Wiyprp  ZMwr has = 0; (4.1)
Mwr haz  Mwrhag + Mewhews  Mewhewz =0;
(1 zZ)mwrhag (1 Z)Mwrhaio + Merherz  Merhers =0;
(1 z2)mwrhaio Wiyme (1 Z)mwrhar =0;

zmwr has + (1 Z)Mwrhazr Mwrhaz = 0;

where m is the mass ow rate, z is the mass ow fraction, h is the enthalpy, and
W is the mechanical work. In order to simplify the algebraic EO model anallow
the model to be optimized with respect to di erent working uids, it was assumed
that there were no changes in the pressure across the heat exuyers, the HP
turbine inlet temperature and pressure were set thas 2 [Ty@2631bar; 38879] K and
Pas = Pa1 2 [Pag +5;26:31] bar, and the LP turbine inlet temperature and pressure
were set t0Taio 2 [Tg@1400bar; 35537] K and Paip 2 [Pag +1;14:00] bar. Note the
upper and lower limits of the variables were selected to closely matdhet operating
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Table 4.2: The DOE Pilot Plant constant parameters.

Plant Constants Value Unit
MgRr 131.00 kg/s
TeRr1 416.48 K
TeRrs 335.37 K
Pgr 43.30 bar
Teowt 297.04 K
Tew? 308.15 K
Pcw 19.90 bar
turb 85.00 %
pump 60.54 %
T as 311.48 K
P as Ps @ t 0.26 bar
ZwE 77.24/117.68 -

conditions of the plant according to its reference for a fair compiaon, and to allow
the plant to be optimized over a reasonable range of temperaturasnd pressures
without damaging/degrading the operation of plant's components.

Since the original working uid of the plant is isobutane (R600a), theipper and
lower limits of the HP and LP turbine inlet temperatures are approximeely equal
to each other based on the assumption made above. This can cassme di culties
when approximating the turbine isentropic work across the inlet teperature values.
Therefore, the upper-temperatures were o set by 1 K to allow faa more appropriate
range between the upper and lower limits. To clearly present the neggsion ts over
a range of turbine temperature values, the following thermodynamapproximations
will be carried out using R134a as the working uid of the plant.

Based on the assumptions stated above, the isentropic work ofettHP turbine
can be calculated and approximated as a function of the inlet pressuand enthalpy,
as shown a Figure 4.2. Consequently, the HP turbine work can be egpsed as

Riswbne =0:00128%  0:088P2% 552 10 *PAhas+
0:0087@ a5 hA5 + 0:0156P 5 0:0755’\A5 +5:07, (42)
WiyrbHp = ﬁis;turbHP Mwr ZwF  turb »
where the isentropic work ﬁis;mrpr was tted using a cubic polynomial surface.
For the LP turbine, the approximated expression of the output mehanical work can
be expressed as
Riswbe =0:005242 0 0:19P2, 0:000218 2 hat0+
0:01533A10 hAlO 0:3123A10 O:l3:|hA10 +16:7; (43)

WiyrpLp = f’\]is;turbLP rDA(:I- ZWF) turb
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Figure 4.2: The regression t and error plot of the DOEP HP turbine ientropic
work as a function of the inlet pressure and enthalpy. The black dettop plot) and
the grey dots (bottom plot) are the REFPROP thermodynamic calclations.

where the isentropic work ﬁis;turpr was tted using a cubic polynomial surface, as
shown in Figure 4.3.

Similarly, the isentropic pump work can be approximated as a functioof the
outlet pressure using the same approach, as shown in Figure 4.4.isThesulted in
the following expressions:

fis;pump =0:0866Px5  0:862

\Npump — ﬁis;pump Mwr | (4'4)

)
pump

where the isentropic work ﬁis;pump was tted using a linear curve.

In order to ensure that the optimized model operates as an ORC sgm and
retains the original design speci cations of the plant, some opeiahal constraints
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were added to the optimization problem. This results in

has ﬁ@38879+1 K :Pas 2 [Pag +5;26:31] bar s
Nas f\\@Tg@%:3lbalr K:Pas 2[Pas +5 ;26:31] bar s
has = A @pe 2 [Pag +5:26:31] bar s
ha1o ﬁ@35537+1 K :Pa10 2[Pag +1:14:00] bar 1
ha1o ﬁ@Tg@M;oom K:Pa10 2[Pag +1:14:00] bar ; (4.5)

Nag = ﬁf @Pa10 2[Pag +1:14:00] bar ;

has = hag;
haz = hag
Pas  Paio;

for the HP and LP ORC elements, where the rst two equations ensa that the
inlet state of the HP turbine does not operate outside the speci etemperature
and pressure range, the third equation ensures that state Adasfs at the saturated
liquid point, the fourth and fth equation ensure the inlet state of the LP turbine
does not operate outside the speci ed temperature and pressurange, the sixth
equation ensures that state A9 is at the saturated liquid point, theseventh and
eighth equation ensure the enthalpy values at state A3, A2, and Afre equal,
and the ninth equation ensures that the inlet pressure of the HP tbine is higher
than (or equal to) the inlet pressure of the LP turbine. Furthernore, the following
constraints are also needed for the geo uid system:

Ner3 her2; (4.6)

Nera Ngrs:

The right-hand side thermodynamic terms of the rst 6 constrains in (4.5) were
regressed as a function of pressure in order to be compatible withet white-box
solvers, as shown in Figure 4.5.

Furthermore, in order to ensure that temperature di erence atthe inlet and
outlet of each heat exchanger is greater than (or equal to) 1K to set for the
thermodynamic approximations, and also to ensure that the heat nly transferred
from the hot uid to the cold uid, the inlet and outlet temperatures of each heat
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exchanger were constrained as follows:

Tar Towe L
Tora Tho 1L
Ters T\A1 1;
Ters Tao 1L
4.7
fBR4 T\Ag 1;
T\BRz T\A4 1;
Tors The 1L
Tere Tas L

The temperature terms in (4.7) can be approximated as a functionf @nthalpy
and/or pressure, as shown in Figure 4.6, where the approximatednge (i.e., the
enthalpy and pressure range) can be obtained from the previousiuoperation or
thermodynamic approximations in the operational constraints.

Lastly, in order to reduce the search space and improve on the comational
time, the decision variables were bounded within a suitable range bdsen the
assumptions and simpli cations made at the beginning of this sectiosuch as the
HP turbine inlet temperature must be Tas 2 [Ty@2631bar; 38879] K and the pump
outlet pressure must bePys = Pay 2 [Pag +5;26:31] bar. For the DOE Pilot Plant
described above, the bounds were

1498 Pps 2631
25464 ha 25626
26077 ha, 27540
26077 hay 27540
27976 has 32232 (4.8)
42882 hps 49553
41913 hps 48740
41913 ha, 48740
193086 Wimup 358588
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Figure 4.6: The temperature regressions at various stages of tD®E Pilot Plant.
The black dots are the REFPROP thermodynamic calculations.
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for the HP elements;

1098 Pao 1400
26077 hpe 27540
42431 hpao 46441 (4.9)
41913 hayy 46265
34476 Wypp 64026

for the LP elements; and

26407 hgr 60598
10000 mcw  120Q0;
5000 mwe 5000 (4.10)
33454 W,un, 62128
19411 W, 36049

for the brine, mass ow, pump work and the net power. Note that@me of the bounds
will change depending on the working uid due to the di erences in thenodynamic
properties.

4.2.2 DOEP Sequential-Modular Model Validation

The DOEP SM model was constructed using the JSteam MATLAB Intéace mod-
elling framework and adhered to the same speci cations as the algaic EO model
in Section 4.2.1. The SM model was built using the pre-built unit operatiofunc-
tions in JSteam that were arranged in a sequential order of the plaprocess, where
the output of one function is the input argument of the proceedindunction. The
purpose of this SM model is to validate the optimized results of the E@odel and
also to check if the approximations made to the thermodynamic presses and prop-
erties are invalid or violate any thermodynamic laws. Therefore, if #re is a large
discrepancy between the SM model and the EO model, the approxitizans or the
optimization constraints will need to be reviewed, as illustrated in Fige 2.4.

The nominal design state-point temperature and pressure valuis DOEP from
Table 20.4 in [3] (adapted in Table 4.1 for this research) were used talidate the
SM model. Table 4.3 shows the comparison between the SM model angjioal
published results, where the power analysis and cooling water massv were cal-
culated using state-point properties of the working uid in Table 4.1 .Note that the
LP and HP turbine power outputs of the nominal design were calculatl using (3.1)
and the isentropic e ciency in Table 4.2.
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The SM model was solved by substituting the nominal state-point piperties
from [3] into the model, namely, Tao, Tas, Tas, Tao, Ps and Py, and using a
nonlinear solverfsolve to converge to a feasible operating point. Due to rounding
errors, the inlet temperatures of the HP turbine was recalculateat its corresponding
pressure to ensure that the model complies with the normal opé¢i@n of an ORC
system, hencel,s = 388:79 K. When the model is subjected to di erent working
uids, the temperature at state A4 and A9 (thus, also A2) are realculated to ensure
that they are at the correct saturation point to adhere to the oprating condition
of the plant. Figure 4.1 and Figure 4.7 show the process ow diagramma the Ts
diagram, respectively, of the solved SM model using the original iaghne (R600a)
working uid.

Ts Diagram : R600a & R600a

HP-OR
3900 f 26.31 bar i Al - Pump
A4 A5 out
380 | A2 - LT-PrehOut
A4 - HP-Preh
out
370 -

A5 - HP-Evapout/Suph

lg out
= 360 | A6 - HP-Turb
1) out
= 14 bar
S A8 - Cond
= 350 | A10 out
o LP-ORC
o -
% 340 | Al PumpOut
et A2 - LT—PrehOut
330 [ A9 - ValveOut
320 | Al10 - LP—Evapout/SuphOut

5.34 bar All - LP—TurbOu
310 ] A8 - Cond
ou

t

t

1.4 1.6 1.8 2 2.2 2.4
Entropy [kJ/(kg.K)]

Figure 4.7: The Ts diagram of the DOE Pilot Plant's sequential-modular mdel.

The discrepancies between the original DOE nominal design stateipt prop-
erties and the SM model is under 3%, which indicates that the SM mddis an
accurate presentation of the DOE Pilot Plant. The small discrepames could be due
to the rounding errors from the unit conversions and the di erene in thermody-
namic packages.

Since the SM model was solved using the original operating point ofetiplant,
this solved SM model will be used as the base case for this reseaihe same will
also apply when the model is subjected to di erent working uids.
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Table 4.3: A comparison between the DOEP nominal design [3] and th&téam SM
model.

Plant Nominal SM Model Error
Parameter Design [3] (Base case) [%0]
LT Preheater Duty, [kW] 13142 13203 0.47
LP Evap/Suph Duty, [kKW] 10073 10167 0.93
HP Preheater Duty, [kW] 8465.7 8483.7 0.21
HP Evap/Suph Duty, [kW] 12859 12950 0.71
Condenser Duty, [kW] 39242 40262 2.60
Total Input Duty, [kW] 44539 44803 0.59
HP Turbine Power, [kKW] 3975.2 3994.5 0.49
LP Turbine Power, [KW] 1303.5 13125 0.69
Total Turbine Power, [kW] 5278.6 5307 0.54
Pump Power, [KW] 758.23 765.51 0.96
Net Power, [kKW] 4520.4 4541.4 0.47
Working Fluid, [kg/s] 117.68 118.35 0.57
Cooling Water, [kg/s] 843.54 868.02 2.90
Thermal E ciency, [%] 10.15 10.14 0.10
Speci ¢ Machinery Cost, [k$/MW] 331.14 330.89 0.08

For further validation, the heat exchange process between theathermal brine/-
cooling water and the working uid can be plotted to check for any termodynamic
violations in the heat exchangers, as discussed in Section 3.2.2.1. Ewity, from
analysing Figure 4.8, the temperature curves did not cross overcbeother during the

heat exchange process, which indicates that the model does nailate the second
law of thermodynamics.

4.3 USGeo Plant

The USGeo Plant (USGP) in southern Idaho, USA, consists of two garate ORC
systems operating at di erent pressure levels. Therefore, unlikdhe DOEP, the
working uids of the HP and LP cycles are never mixed together. Theon gura-
tion of the LP cycle is similar to the basic ORC system, where the workin uid is
preheated and evaporated/superheated before expanding ¢lugh the turbine, con-
densed and fed back to the heat exchangers. The HP cycle underg a similar
process but employs a recuperator unit to improve the overall gflermance of the
ORC system. This is achieved by exploiting the hot exhaust gas fronhe turbine
to preheat the cold condensed working uid before it enters the pheater to reduce
the heat load on the condenser and increase the internal cycle éemncy. For the
geo uid system, the geo uid rst ows through the HP and LP evaporators/super-
heaters before splitting equally into two streams to the LP and HP mheaters. In
contrast, the cooling water of the cooling system is divided before gioes through
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Figure 4.8: Diagrams showing the heat exchange between the gewthal brine/-
cooling water and the working uid. The states refer to Figure 4.1. Te x-axis
represents the path of the uid ow in the heat exchanger.

the LP and HP condensers. For this research, the cooling systenasvsimpli ed

into two separate streams to better address the temperaturewstraints discussed
in Section 3.2.2.1. Figure 4.9 shows the process ow diagram of the US@at was

modelled for this research. The following subsections will detail thdggbraic EO

model of the USGP and the validation of the SM model.

4.3.1 USGP Algebraic Equation-Oriented Model

The development of the algebraic EO model of the USGP was based the nom-
inal design state-point properties obtained from [3], as shown in Teb4.4. From
analysing the state-point properties of the plant, it was noticed tht the output
temperature of the HP preheater, A3, is higher than the brine ingy BR5. This
should not happen as the temperature at A3 cannot exceed that the heat source
temperature because then the heat transfer will be reversedhérefore, in order to
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Table 4.4: The USGP nominal design state-point properties obtaindcbm [3]. Refer
to Figure 4.9 for the state labels.

State Temperature Pressure Entropy Enthalpy Mass Flow

label K] [bar]  [kIkgK] [kI/kg]  [Kg/s]

BR1 410.93 7.72 172 58031  396.89
BR2 383.15 7.24 142 46215  396.89
BR3 360.59 6.83 116  367.02  396.89
BR4 360.59 6.83 116  367.02  198.45
BR5 360.59 6.83 116  367.02  198.45
BR6 336.15 6.34 0.87 26442  198.45
BR7 341.37 6.34 0.93 28631  198.45
BRS 338.76 6.34 0.90 27535  396.89
Al 293.59 9.48 0.06  -1605  139.32
A2 311.26 9.48 0.08 24.48 139.32
A3 386.26 9.48 0.63  217.74  139.32
A4 386.26 9.48 130  476.02  139.32
A5 335.54 0.90 1.35  405.65  139.32
AB 313.43 0.90 123 36574  139.32
A7 293.04 0.90 0.06  -18.02  139.32
B1 292.82 5.07 0.06  -18.18  128.85
B2 357.43 5.07 0.42 138.68  128.85
B3 357.43 5.07 124 43143  128.85
B4 321.32 0.88 127  379.84  128.85
B5 292.54 0.88 0.06  -19.15  128.85
CW1  285.09 2.83 0.18 50.48  1465.99
CW2  285.09 2.83 0.18 50.48  1465.99
CW3  293.82 1.65 0.31 86.92  1465.99
CW4  293.48 1.65 0.30 85.52  1465.99
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Figure 4.9: The process ow diagram of the USGeo Plant with the R6@las the
working uid. The state-point properties were obtained from the slved SM model,
see Section 4.3.2.

address this issue, the pressure at state A3 was decreased t@ bdr from 9.48 bar
and the saturated liquid temperature was recalculated at the newrg@ssure level.

In order to retain some of the plant's design characteristics in Tabléd.4, the
plant's constants listed in Table 4.5 were used in the model. Note thatoth P A7
and P gs were recalculated at the saturated liquid points using the condenseoutlet
temperatures and o set by 0.14 and 0.13bar, respectively. This i® tensure the
subcooling conditions as per the plant's design state-point propers and for when
the model is optimized with respect to di erent working uids. The isetropic
e ciencies of the turbines and pumps were calculated using statespt properties
in Table 4.4. Furthermore, the outlet temperatures of the cooling ater for the LP
and HP ORC have been decreased to 1K less than the outlet temptena of their
respective condenser. This is to ensure that the thermodynamiclation discussed
Section 3.2.2.1 does not occur.

Using the process ow diagram of the USGP in Figure 4.9, the energllance
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Table 4.5: The USGeo Plant constant parameters.

Plant Constants Value Unit
MgRr 396.89 kg/s
TgRr1 410.93 K
TgRrs 338.89 K
Psr 7.72 bar
ZBR 0.50 -
turbA 80.38 %
turbB 81.88 %
pUMPA 69.97 %
pumpB 70.02 %
T a7 293.04 K
P a7 Ps @ty t 0.14 bar
Tgs 292.54 K
Pgs Ps @rgs T 0.13 bar
Tewt 285.09 K
Tewe 285.09 K
Tews Taz-1 K
Tewa Tes-1 K
PCW 2.83 bar
equations can be derived as follows:
haima + hasma  haoma  hagma =0;
hasMa + hcwiMewa  hazMa  hecwsMewa = 0;

hazma + Woumpa haima =0;

haoma + hgrs(1  Zgr)Mer  hasma hgr7(1  Zsr)mMpr =0;
hgrzMgr = 0;

hasma = 0; (4.11)

hasma

haama  Wiurba

hasmMa + hgriMgr

heiMg + hgrazZegrMer  he2Mp  hgreZsrMer = 0;

hgomg + hgroMer  hgsMg  hgrsMer = 0;

hgsmg  Wims hegamg =0;
hesmg  hcwamMews = 0;

hesmMg + Woumps

hegamg + hewz Mews

hgimg = 0;

where m_is the mass ow rate, h is the enthalpy, and\W is the mechanical work.
For the purpose of optimizing the model with respect to di erent weking uids,

and in order to simplify the algebraic EO model, the following assumptienwere
made: There were no changes in the pressure across the heahamngers, the HP
turbine inlet temperature and pressure were set tdas 2 [Tg@s07bar; 38626] K and

Pas = Par 2 [Pa7 +1;5:07]bar, the LP turbine inlet temperature and pressure
were set t0Tgz 2 [Tg@s07bar; 357-43] K and Pgz = Pg1 2 [Pgs + 1;5:07] bar, and the
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temperature dierence Tecas a7 DetweenTps and Tpz was set to 20.39K as per
[3]. Similar to the DOE Pilot Plant, the upper and lower limits of the variables

were selected to closely match the operating conditions of the plaatcording to

its reference for a fair comparison, and to allow the plant to be optired over a
reasonable range of temperatures and pressures without danmagdegrading the

operation of plant's components.

Since the original working uid of the plant is isopentane (R601a), th upper
and lower limits of the LP turbine inlet temperature are approximatelyequal to
each other based on the assumption made above. Therefore, tipper-temperature
limit was increased by 1K to o set for the isentropic work approximaibn. In order
to clearly illustrate the development of the USGP model in this sectioand prop-
erly show the regression ts over a large temperature range, titeermodynamic
approximations will be carried out using R245ca.

Based on the assumptions made above, the isentropic work of thé Hurbine
work was approximated as a function of the inlet pressures and éalpy, as shown
in Figure 4.10. Subsequently, the HP turbine work can be expressad

N
o
s |
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Isentropic Work [kJ/kg]

Error

0.05

(6]
o
o

Enthalpy [kJ/kg]
o
Error [kJ/kg]

N
©
(=1

-0.05

480

Pressure [bar]

Figure 4.10: The regression t and error plot of the USGP HP turbinasentropic
work as a function of the inlet pressure and enthalpy. The black det(top plot) and
the grey dots (bottom plot) are the REFPROP thermodynamic calclations.
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Riswba =0:2058P2  1:87P2  0:00256°2 has+
0:03833/_\1hA4 +0:845P,1 0:0194]A4 3.67; (412)

VMturbA = twrba Ma f‘\]is,turbA;

where the isentropic work ﬁis,turbA was tted using a cubic polynomial surface.
Similarly, the LP turbine's isentropic work was calculated and approximted as a
function of the inlet pressure and enthalpy, as shown in Figure 4.1ivhich corre-
sponded to the following output work:

Riswpe =0:2P8, 1:84P2,  0:0025P2 hgs+
0:03%Pg hgs + 0:32F5;, 0:017dg; 385 (4.13)

Wiibs = turbe Mp ﬁis,turbB;

where the isentropic work ﬁis,turbB was approximated using a cubic polynomial
surface.
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Figure 4.11: The regression t and error plot of the USGP LP turbindsentropic
work as a function of the inlet pressure and enthalpy. The black dst(top plot) and
the grey dots (bottom plot) are the REFPROP thermodynamic calclations.

The next two terms in (4.11) to be approximated are the HP and LP pup work,
which can be expressed as a function of the outlet pressure, asvsh in Figure 4.12

91



and Figure 4.13. This resulted in the following expressions:

fispumpa = 0:0714P;  0:0685

(4.14)
WpumpA = Ma ﬁis,pumpA: pumpA
for the HP pump work, and
Rispumps = 0:071FPs;  0:0663 (4.15)

WpumpB = Mg ﬁis,pumpB: pumpB

for the LP pump work, where both isentropic works h;s were tted using a linear
curve.
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i

55 4 45
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Figure 4.12: The regression t and error plot of the USGP HP pump isgropic work

as a function of the outlet pressure. The black dots (top plot) aréhe REFPROP
thermodynamic calculations.

To ensure the model is operating as a binary cycle power plant andreate to the
design characteristics of the original system, the operational straints/limitations

92



=)
4
= 0.25F -1
=3
=<
o 0.2F .
=
Q
5 0.15F .
IS
& o01f -
2 2.5 3 3.5 4 45 5
Pressure [bar]
%10
2F 4
IS
< 0
]
=,
52f ]
oo,k |
-6 -I L L L L L I-
2 2.5 3 3.5 4 4.5 5

Pressure [bar]

Figure 4.13: The regression t and error plot of the USGP LP pump isgropic work
as a function of the outlet pressure. The black dots (top plot) arthe REFPROP
thermodynamic calculations.

of the plant need to be enforced as follows:

has ﬁ@38626 K:Pa1 2[Pa7 +1:5:07] bar s

haa ﬁ@T,_],@g,mbar K;Pa1 2[Pa7 +1;5:07] bars

has = A @pay 2Par +1:5:07]bar

Ta7 = T\As Trecuas A7:

hes  N@35743+1K Pey 2[Pes +1:5:07] bar (4.16)
g3 ﬁ@Tg@g,;07bar K:Pp1 2[Pgs +1:5:07] bar

hgo = ﬁf @Pg1 2[Pgs +1;5:07] bar

ha1  hao;

has  has;

where the terms on the right-hand side of (4.16), except the lastvb constraints,
were approximated as they include thermodynamic routines that caot be used
with the white-box solvers, as shown in Figure 4.14 and Figure 4.15e.
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In addition, the following constraints were introduced for the brinesystem:

here  hgr4;
hgrz  hers;
hers = hgra; (4.17)
hera = hgrs;

hgr3 her2;

hers = (hgre + her7)=2;

which did not require any thermodynamic regressions. Furthermey in order to
ensure that temperature di erence at the inlet and outlet of eaclneat exchanger is
greater than (or equal to) 1K to o set for the thermodynamic aproximations, and
also to ensure that the heat is only transferred from hot uid to tle cold uid, the
temperatures of the HP heat exchangers were constrained aloiw@s:

Tas  Tews

(4.18)

@
Pyl
w
>
w

where the HP cycle temperature regressions are shown in Figure54.1 Similarly,
the temperatures at the inlet and outlet of the LP heat exchangsrwere constrained
as follows:

Tes Tows 1L
Ters Tex 1
(4.19)
Tere Tor 1
Tore Tes 1

where the LP cycle and geothermal brine temperature regresssoare shown in
Figure 4.16. Lastly, all the decision variables were bounded to reduthe search
region, which were based on the assumptions stated above abol tplant. As a
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result, bounds were

for the HP cycle;

for the LP cycle; and

1:96
22714
22714
26049
47912
43747
43747

10.00
28251
4078

1:93
22646
25986
47912
43682
10000
62121

95:69

10G00
10Q00
100Q0
89008

Pa1 507,
hay 22746,
ha, 30576,
has 30576,
has 52474 (4.20)
has 51299
has 51299
ma  20000;
Wymwa 52487,
Woumpa 7573
Pg1 507
hgy 22678
hg, 30575
hgs 49532 (4.21)
hgs, 48308
mg  80Q00,
Wy 115368;
Woumps 17771
hgr 57993
Mcwa  3000Q0; (4.22)
Mcws  40000;
Wt 165300

for the brine, cooling water, and net power. Note that some of tH@ounds will change
with respect to the working uid due to the di erences in their thermodynamic

properties.
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4.3.2 USGP Sequential-Modular Model Validation

Similar to the DOEP, the USGP SM model was constructed using the &am MAT-

LAB Interface modelling framework and adhered to the same planpsci cations

and assumptions as the algebraic EO model in Section 4.3.1. The SM rebdas
built using the pre-built unit operation functions in JSteam that werearranged in a
sequential order of the plant process, where the output of oneniction is the input
argument of the proceeding function.

The SM model was solved by substituting the nominal design statesmt prop-
erties in Table 4.4, namely,Tas, Tas, Tas, Te2, Tz, Ma, Pg1, and Pa; (Where Pa;
was changed to 5.07 bar, and the saturated temperature at seaA3 was recalculated
using the new pressure level), into the model and using MATLAB's ndinear solver
fsolve to converge to a feasible operating point. Due to rounding errorspme of
the temperature values from Table 4.4 (i.e., the original referencep not coincide
with the right saturation point. Therefore, the temperature at $ate B3 and B2 were
recalculated to ensure that the states were at the correct satation point for all the
simulations, which also applied to when the model is subjected to di ent working
uids.

Given that the value of P5; was changed to 5.07 bar in order to address the issue
that the working uid temperature at the HP preheater outlet was higher than
the input heat source, the USGP SM model cannot be validated withhe original
nominal design state-point properties. However, the Ts diagranf the plant can be
plotted and analysed to check if the SM model violated any laws of thraodynamics.
Figure 4.17 shows the Ts diagram of the solved SM model with the defiaisobutane
working uid. From the Ts diagram, the energy conversion processf the USGP
SM model appears to follow the general operation of an ORC systeand does not
show any anomalies. Therefore, the plant can still be used for thissearch despite
the modi cation made to the original nominal design state-point prperties.

The solved SM model using the original working uid, isopentane (R@@), was
entered into the PFD in Figure 4.9, and the corresponding plant's pav analysis,
mass ows, and speci ¢ rotating machinery cost are shown in Table &l

Given that the SM model was solved using the original operating poirdf the
plant, this solved SM model will be used as the base case for this mesh. The
same will also apply when the model is subjected to di erent workinguids.

For additional validation, the heat exchange process of betweehet geothermal
brine/cooling water and the working uid of the plant can be plotted to ensure
that there are no thermodynamic violations. As shown in Figure 4.1&here are no
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Ts Diagram : R601a & R601a
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Figure 4.17: The Ts diagram of the USGeo Plant's sequential-modularadel.

Table 4.6: The USGeo Plant's power analysis, mass ows, and speci otating
machinery cost of the JSteam SM Model.

Plant SM Model
Parameter (Base case)
LP Preheater Duty, [kW] 20904
LP Evap/Suph Duty, [kKW] 38999
LP Turbine Power, [KW] 6857.4
LP Condenser Duty, [kW] 53174
LP Pump Power, [KW] 128.18
LP Working Fluid, [kg/s] 133.31
LP Cooling Water, [kg/s] 1968.6
HP Preheater Duty, [kW] 11705
HP Evap/Suph Duty, [kW] 49300
HP Turbine Power, [kKW] 7711.5
HP Recuperator Power, [KW] 9986
HP Condenser Duty, [kW] 53427
HP Pump Power, [KW] 133.53
HP Working Fluid, [kg/s] 139.32
HP Cooling Water, [kg/s] 1835.8
Total Condenser Duty, [KW] 106601
Total Input Duty, [KW] 120909
Net Power, [kW] 14307
Thermal E ciency, [%] 11.83
Speci ¢ Machinery Cost, [k$/MW] 215.66
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anomalies that can be observed in the heat exchange process. id&@bly, some of
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Figure 4.18: Diagrams showing the heat exchange between the hadium and cold
medium. The states refer to Figure 4.9. The x-axis represents tipath of the uid
ow in the heat exchanger.

the pinch-point temperature di erences shown in Figure 4.18 are me small, but
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theoretically they do not violate the laws of thermodynamics and arsatisfactory
for the purpose of this research to demonstrate the proposeddelling framework
and the performance of the solvers.

4.4 Magmamax Binary Power Plant

Similar to the dual-pressure ORC system, it is also possible to achievgg@aod tem-
perature match between the geo uid and the working uid, and redce the thermo-
dynamic losses in the exchangers by using a dual- uid binary cycle. ©mparticular
binary cycle power plant that employed this con guration was the Mgmamax Bi-
nary Power Plant (MBPP), located at East Mesa, Imperial Valley, in Glifornia
USA. The dual- uid binary cycle is a complex system that utilizes two dierent
working uids in a coupled ORC system. The MBPP consisted of a highrpssure
(HP) supercritical cycle and a low-pressure (LP) subcritical cycleThe two ORC
systems were coupled by a heat exchanger that transfers theahdrom the HP
turbine exhaust gas to the LP cycle.

The MBPP consisted of three main turbines that were used to gerae electricity
and one auxiliary turbine for the feed pump. Given the limited informabn about
the plant, the auxiliary feed-pump-turbine circuitry was omitted, and the two HP
generator turbines were simpli ed into one turbine. Therefore, allhe HP working
uid expands through only one primary HP turbine. Once the workinguid leaves
the HP turbine, it goes through the recuperator system that waseparated into two
heat exchangers for this research in order to set the necesseoystraints discussed in
Section 3.2.2.1. After the recuperator system, the working uid isandensed before
it is fed through a series of heat exchangers via a pump. While for th® cycle, the
working uid goes through a condenser and is fed through a set oé&t exchangers
via a pump after existing from the LP turbine. Figure 4.19 shows therpcess ow
diagram of the MBPP that was modelled for this research. The followgnsubsections
will detail the algebraic EO model of the MBPP and the validation of theSM model.

441 MBPP Algebraic Equation-Oriented Model

The Magmamax Binary Power Plant model was developed based on tihesign spec-
i cations obtained from [3, 7], as shown in Table 4.7. Given the limited infonation
about the plant, there were some assumptions that were made atbdhe plant in
order to model and optimize the plant under various working uids. tlis assumed
that there are no changes to the pressure across the heat exaters, the pump inlet
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Figure 4.19: The process ow diagram of the Magmamax Binary Pow&tlant with
R600a for the HP cycle and R290 for the LP cycle. The state-point@perties were
obtained from the solved SM model, see Section 4.4.2.

Table 4.7: The MBPP design speci cations obtained from [3, 7]. Refeo Figure 4.19
for the state labels.

State Temperature Pressure Entropy Enthalpy Mass Flow
label K] [bar] [kJ/kgK]  [kJ/kg] [ka/s]

BR1 455.37 18.62 2.16 773.41 179.72
BR2 - - - - -

BR3 - - - - -

BR4 - - - - -

BR5 355.37 - - - -

Al 447.04 34.47 2.71 835.77 129.90
A2 380.37 4.14 2.75 745.48 -
A2P - - - - -

A3 338.71 - - - -

A4 303.71 - - -
A5 307.04 41.71 1.26 282.82 -
A6 408.15 - - - -
A7 - - - -
Bl 369.26 31.72 2.43 683.36 34.52
B2 319.26 8.89 2.50 644.97 -

B3 295.65 - - - -

B4 298.15 - - - -

B5P - - - - -

B5 353.71 - - - -

Cwi 289.82 4.07 0.25 70.35 1577.26
Cw2 291.76 - - - -

Cw3 299.54 - - - -
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pressures are equal to the saturated pressures at the conslemoutlet temperatures,
the enthalpy at A7 is equal to the average enthalpy of A1 and A6, thtemperature at
A6 is equal to the critical temperature, and the temperature di @ence Trecu:az a4

betweenTas and Tpy is 35K as per [3]. Note that Trecu:az a4 Will be changed to
25K for the EO model to allow for a wider degree of freedom for thgtimizer to

nd a better solution. These assumptions resulted in the following nth ed design
speci cations in Table 4.8, which was used as the basis of the algebr&® model
and for the validation of the SM model.

Table 4.8: The modi ed MBPP design speci cations of Table 4.7. Referot Fig-
ure 4.19 for the state labels.

State Temperature Pressure Entropy Enthalpy Mass Flow

label K] [bar]  [kI/kgK] [ki/kg]  [Kg/s]

BR1 455.37 18.62 2.16 77341 179.72
BR2 - 18.62 i i 179.72
BR3 - 18.62 - i 179.72
BR4 - 18.62 . . 179.72
BR5 355.37 18.62 110 34577  179.72
Al 447.04 41.71 265 81522  129.90
A2 380.37 4.12 275 74551  129.90
A2P i 4.12 - - 129.90
A3 338.71 4.12 252  661.31  129.90
A4 303.71 4.12 125 27263  129.90
A5 307.04 41.71 1.26 282.82  129.90
AG 407.81 41.71 210 58527  129.90
A7 420.06 41.71 2.38 700.24  129.90
B1 369.26 31.72 2.43 683.34 34.52
B2 319.26 8.94 250  644.83 34.52
B3 295.65 8.94 120  258.34 34.52
B4 298.15 31.72 1.21 265.35 34.52
BSP 353.83 31.72 175  441.65 34.52
B5 353.83 31.72 2.28 628.36 34.52
CW1  289.82 4.07 0.25 70.35  1577.26
CW2  291.76 4.07 0.28 78.48  1577.26
CW3  299.54 4.07 0.39 111.01  1577.26

With the intention of keeping the plant model parameters as close the original
plant design speci cations when optimizing under various operatingoaditions, the
constants listed in Table 4.9 were used in both the algebraic EO modeicathe SM
model. Note that the outlet temperature of the cooling water wasetreased to the
outlet temperature of the LP condenser (i.e.T g3) to ensure that the thermodynamic
violation discussed in the Section 3.2.2.1 does not occur in the condass

Since, the original working uids of the plant were isobutane (for te HP cycle)
and propane (for the LP cycle), they will be used for the purposd presenting the
development of the MBPP model in this section.
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Table 4.9: The Magmamax Binary Power Plant constant parameters.

Plant Constants Value Unit

MgR 179.72 kg/s
Tgr1 455.37 K
Tgrs 355.37 K
Per 18.62 bar
turbA 63.97 %
turbB 61.88 %
oumpA 67.38 %
oumpB 61.76 %
T asa 303.71 K
P aa Ps @Taq bar
Tgs 295.65 K
Pg3 Ps @Tgs bar
Teowt 289.82 K
Tews Tg3 K
Pcw 4.07 bar

The algebraic EO model of the MBPP consists of the energy balancguations
that were derived from the process ow diagram in Figure 4.19, whickesulted in
the following equations:

Mahar  Wiba  Mahaz =0;
Mahaz  Mahazp + Mghesp  Mghps = 0;
Mahazp  Mahaz + Mghes  mghesp = 0;
Mahaz  Mahas + Mewhewz Mewhews = 0;
Mahas + Woumpa  Mahas = 0;
Mahas  Mahas + Merhgrsa  Marhgrs = 0;
(4.23)
Mahas  Mahaz + Mgrhgrz  Marhgrz = 0;
Mahaz  Mahar + Mgrhgrr  Marher2 = 0;
mgher  Wiwe Mehe2 =0;
mghg, mMghgs + Mewhews  Mcwhewz = 0;
mghgs + Whumps mghgs = 0;

Mghes Mghgs + Merherzs MperNera = 0;

where m_is the mass ow rate, h is the enthalpy, W is the mechanical work. In
order for the model to be expressed algebraically, the turbine apadimp work terms
need to be approximated as a function of enthalpy and/or presseir Following the
assumptions made above and keeping in line with the design speci cats) the isen-
tropic work of the HP was calculate and approximated afa; 2 [Tqic + 30;447.04] K,
Par = Pas 2 [Peit +2;4171]bar, andPa; = Pag4, as shown in Figure 4.20. Since
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the inlet temperature term is not explicitly used in (4.23), the corrgsonding inlet
enthalpy values were used for the approximation. This resulted in éhfollowing
expressions for the HP turbine work:
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Figure 4.20: The regression t and error plot of the MBPP HP turbineisentropic
work as a function of the inlet pressure and enthalpy. The black dst(top plot) and
the grey dots (bottom plot) are the REFPROP thermodynamic calclations.

fiswiba =0:00036%7,  0:045P2 +2:59 10 °h3,
1:75 10 °PZhai 5 10 ®°Parhi; +

(4.24)
O:OlZPAlhAl 2:793A1 + 001041A11

VMturbA = twrba Ma ﬁis,turbA;

where the isentropic Workﬁis,turbA was approximated using a cubic polynomial
surface. Similarly, the isentropic work of the LP turbine was calculad and ap-
proximated at Tg; 2 [Tg@st72bar; 36926]K, Pg1 = Pga 2 [Pgs +2;3L72]bar, and
Pg2 = Pg3, as shown in Figure 4.21. This resulted in the following expressions for
the LP turbine:

Riswpe =0:0031PF, 0:25%P2, 2:71 10 P2 hgi+
0200836:)Blh31 + 3:98Pg1 0:0605151 24:1; (425)

Wb = turbe Mp f}lis,turbB;
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Figure 4.21: The regression t and error plot of the MBPP LP turbineisentropic
work as a function of the inlet pressure and enthalpy. The black dettop plot) and
the grey dots (bottom plot) are the REFPROP thermodynamic calclations.

where ﬁis,turbB is the approximated isentropic work.

The HP and LP pump isentropic work can be approximated as a functoof
the outlet pressure using the same regression procedure thatswenplemented on
the turbines. The isentropic work of the HP pump was calculated aP,, and
Par = Pas 2 [Poit +2;4171] bar, as shown in Figure 4.22. This corresponds to the
following expressions for the approximated HP pump work:

fispumpa =0:182Px;  0:718 (4.26)
VMpumpA = Ma f‘\]is,pumpA: pUMpA

where the approximated isentropic workﬁis,pumpA was tted using a linear curve.
Similarly, the isentropic work of the LP pump was calculated aPg; and Pg; =
Pgs 2 [Pg3 +2;3L72]bar, as shown in Figure 4.23. This resulted in the following
expressions for the LP pump work:

Rispumps = 0:201Pg;  1.79; .27

V-\[pumpB = Mg ﬁis,pumpB: pumpB;
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where the approximated isentropic Worlﬁis,pumpg was tted using a linear curve.

In order for the MBPP model to operate as a feasible ORC system écomply
with the assumptions made about the plant at the beginning of this fisection, the
model was subjected to the following operational constraints:

haz = (hae + ha1)=2;

has = ﬁ@Tcm : Pa1 2[Peit +2; 41:71] bar;

ha1 ﬁ@442041(; Pa1 2[Perit +2; 41:71] bar s (4.28)
ha1 ﬁ@T ait +30K ; Pag 2[Perit +2; 41:71] bar,

TA4 = fAs Trecu;A3 A4

for the HP cycle;

hgs = ﬁg@3512[PB3 +2; 31:72] bars
hesp = ﬁf @Pg1 2[Pgs +2; 31:72]bars
hg1 ﬁ@36926|<; Pg1 2[Pgs +2; 31:72]bars (4.29)

hg1 ﬁ@Tg@Slﬂzbar; Pg1 2[P3+2; 31:72]bar
(hgr  hes)mg  0:02(haz  haz)ma

for the LP cycle; and

hers  hgr2; (4.30)

hBR4 hBR3

for the brine system. Note that some of the thermodynamic termen the right-
hand side of (4.28) and (4.29) were approximated and are shown in &ig 4.24 and
Figure 4.25b.

In order to ensure that the heat exchangers transfer heat frothe hot uid to the
cold uid, the HP cycle temperatures at the inlet and outlet of each bat exchanger
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and (4.29). The black dots are the REFPROP thermodynamic calculans.
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were constrained as

Tas Tows L
Tae Towe 1
T\Az T\Bs 1;
T\AZP T\Bsp 1;
Tas Tes 1 (4.31)
Tere T 1L
Tore Tar 1L
Ters Tae 1L
fBR4 Tae 1
Ters T\As 1;

where the temperature regressions are shown in Figure 4.25 andfeg4.27. Simi-
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Figure 4.25: The temperature regressions of the MBPP HP cycle. &ltblack dots
are the REFPROP thermodynamic calculations.

larly, the LP cycle temperatures at the inlet and outlet of each heagéxchanger were
constrained as

Teo Towz 1L
T\BRs T\Bl 1 (4.32)
T\BR4 T\B5 1
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where the temperature regressions are shown in Figure 4.26 andufeg4.27.
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Figure 4.26: The temperature regressions of the MBPP LP cycle. €hblack dots
are the REFPROP thermodynamic calculations.
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Figure 4.27: The temperature regressions of the MBPP brine and almg water.
The black dots are the REFPROP thermodynamic calculations.

Lastly, in order to reduce the search space of the region, all theasion variables
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were bounded within a reasonable range as

3829 Par 4171
78382 hpay 82544
59541 hp, 75967,
59541 hpp 75967,
59541 hps 75967,
28191 hps 28283 (4.33)
58527 hpe 59417,
64531 hpx; 76539
10000 m, 40000
68909 Wimpa 12797
10071  Wpumpa 187036
for the HP cycle;
1094 Pg; 3172
62836 hg; 74174
59847 hg, 73422
25900 hgy 26575
28039 hgsp 44165 (4.34)
60605 hgs 63051
1000 mg 20000,
87448 Wyype 16240;
16929 Woympe 31439
for the LP cycle; and
34577 hgr 77327,
7036 hcwe 9475 (4.35)
20000 mcw  300Q0;
65889 W, 12237

for the brine, cooling water, and the net output power. These bawls were derived
based on the plant's approximations and the general operation of ®RC system.
Note that the bounds are for the default working uids, namely, isbutane and
propane, and thus they are subjected to change if a di erent setff working uids is

to be used.
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4.4.2 MBPP Sequential-Modular Model Validation

The SM model of the MBPP was constructed using the JSteam MATLB Interface
modelling framework that complied with the same model speci cationas the alge-
braic EO model detailed in Section 4.4.1. The same two referencesmady [3, 7],
that formed the modi ed design speci cations in Table 4.8 were usedtconstruct
the SM model. The pre-built unit operation functions in JSteam were sed to con-
struct the SM model and were arranged in a sequential order ofdlplant process,
where the output of one function is the input argument of the progeding function.

The state-point properties of the working uids in Table 4.8 were emred into
the SM model, namelyPa1, Pg1, Ta1, Tas, Ta7, Te1, Tesp, and Tgs, and solved to a
feasible operating point using MATLAB's nonlinear equation solvefsolve . Note
that some of the temperature or pressure values taken from theference papers do
not coincide with the right saturation point when di erent working u ids were used.
Therefore, the temperature at state B5P and B5 was recalculateto ensure that
the state is at the correct liquid/vapour saturation point for all sinulations. The
process ow diagram in Figure 4.19 shows the state-point propersieof the solved
SM model using the original working uid pair, i.e., isobutane (HP) and popane
(LP).

Table 4.10 shows the comparison between the modi ed MBPP designegpca-
tions and the SM model. The discrepancies between the design speations and
the SM model were expected due to the simpli cations and assumpiis that were
made about the plant. Given the limited information about the plant am the de-
crease in the outlet temperature of the cooling water, the erroeze relatively larger
than the DOEP model. However, the overall accuracy of model ist&dactory for
the purpose of this research because the model still retains thieacacteristics of
a dual- uid ORC system as indicated by the Ts diagram in Figure 4.28 ands
described in [3].

Similar to the previous two plants, this solved SM model will be used ase
base case for the optimization problem given that it was solved usinge original
operating point of the plant. The same approach will also apply wherhé model is
subjected to di erent working uid pairs.

Furthermore, to check that there are no violations of the secoridw of thermody-
namics as discussed in Section 3.2.2.1, the temperature pro le of theat exchangers
can be plotted and examined. As shown in Figure 4.29, the heat exdggrs do not
show any thermodynamic violations during the heat exchanging press.
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Table 4.10: A comparison between the modi ed MBPP design speci cans (nom-
inal design) and the JSteam SM Model.

Plant Nominal SM Model Error
Parameter Design (Base case) [%0]

LP Preh/Evap Duty, [kW] 10938 11847 8.31
LP Superheater Duty, [kW] 1898.1 1796.5 5.36
LP Turbine Power, [kW] 1329.6 1249.2 6.04
LP Condenser Duty, [kW] 13342 12636 5.29
LP Pump Power, [kKW] 241.89 241.84 0.02
LP Working Fluid, [kg/s] 34.52 32.67 5.36
HP Preheater Duty, [KW] 39288 42626 8.49
HP Evaporator Duty, [kKW] 14935 16204 8.50
HP Superheater Duty, [kW] 14935 16204 8.50
HP Turbine Power, [kW] 9054.4 9844.1 8.72
HP Recuperator Power, [kW] 10938 11847 8.31
HP Condenser Duty, [kW] 50490 54781 8.50
HP Pump Power, [KW] 1324.6 1438.7 8.61
HP Working Fluid, [kg/s] 129.9 140.94 8.50
Cooling Water, [kg/s] 1577.3 2764.2 75.25
Total Condenser Duty, [kKW] 63831 67418 5.62
Total Input Duty, [kW] 71056 76830 8.13
Net Power, [kW] 8817.4 9412.8 6.75
Thermal E ciency, [%] 12.41 12.25 1.29
Speci ¢ Machinery Cost, [k$/MW] 262.71 255.71 2.66

Ts Diagram : R600a & R290
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Figure 4.28: The Ts diagram of the Magmamax Binary Power Plant's sagntial-
modular model.
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4.5 Summary

This chapter details the algebraic EO models of three real-world ORgstems. The
modelling process is similar to what is described in Chapter 3, where thsodels
are expressed as a set of equations with the thermodynamic props and unit

operations approximated using regression analysis. The models eveonstructed
using the SymBuilder framework via the OPTI toolbox to leverage offte algebraic
structure and automatically generate the required Jacobian andddsian matrices,
as well as the sparsity information, for the optimization solvers. Eh plant model
was constructed with exibility in mind, thus they can be subjected b dierent

working uids without having to do any major modi cations to the models.

In addition, the SM models of all three ORC systems were also constted
using the JSteam MATLAB Interface. The SM models were validatedgainst the
original nominal design information that was taken directly from thecorresponding
references of each plant. The discrepancies between the nomutedign and the SM
model were adequate for the purpose of this research given thesamptions that
were made about the plant due to the insu cient information availablefor some
of the plants. Furthermore, the thermodynamic process of eaghlant model was
analysed by plotting the Ts diagram of the ORC system. From this arngsis, the Ts
diagrams indicated that the SM models are functioning as feasible ORgstems and
do not violate any thermodynamic laws. This information is very impornt for this
research given that the SM models are used to validate the algebr&®© models.
Therefore, it is necessary to ensure that the SM models are a goegresentation
of the original plants.

The next chapter will analyse the optimized results of the three alpeaic EO
models and examine the optimization performance of each model.
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Chapter 5

Optimization of the Organic
Rankine Cycle System Case
Studies

In order to e ectively illustrate the bene ts of the proposed algebaic equation-
oriented modelling approach, the three real-world binary cycle powglants de-

scribed in Chapter 4 will be optimized in this chapter. The rst three sctions
of the chapter will be focused on the optimization results and perimance of the
three plants, where the solve times and the global optimality of theotution will be

analysed. The optimized results will be compared against each othemd to their

base-case scenarios that were derived from their respective htierre where possible.
The plant models will be optimized with di erent working uids and two objective

functions to examine any possible improvement to the plant. The lastection of the
chapter will highlight the automating optimization procedure of seldmng the opti-

mal working uid for an ORC system using the proposed algebraic EO aodelling

approach.

5.1 Introduction

Once the algebraic EO models in Chapter 4 are constructed and fartated into
an optimization problem, each plant will subsequently result in a di erat number
of variables and constraints, as shown in Table 5.1. These dissimilar#ibetween
the plant models highlight the level of nonlinearity that can result fron modelling
complex ORC systems using the proposed algebraic EO modelling apmfo. Similar
to Chapter 3, two objective functions will be investigated, namelythe net output
power and the specic rotating machinery cost. While it is acknowleds that
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it might seem not applicable to optimize the speci c rotating machinerycost of
existing ORC systems given that the components have already beenrchased,
the optimization problem is aimed to investigate the future replacenme of existing
pumps and turbines that are damaged or in need of an upgrade. Aldmth objective
functions can be a reference for future green eld optimization$at have a similar
construction to the three presented binary cycle power plants.t Is important to

note that the proposed algebraic EO model does not restrict théfective functions
presented in this research, and they can be modied to adhere td@ di erent

optimization problems.

Table 5.1: A comparison between the total number of variables anamstraints of
the binary cycle power plants in Chapter 4.

DOEP USGP MBPP

Variables 21 27 26

Constraints 32 42 42
Linear 11 9 7
Quadratic 15 31 26
Nonlinear 6 2 9

All three plants were optimized with respect to di erent working uids that
were selected based on their availability via JSteam, frequent use inet literature,
and their compatibility with the plant's design speci cations and assumtions that
were stated in Chapter 4. These can involve ensuring that condemspressure is
not higher than the inlet turbine pressure, the critical pressure radl temperature
are not higher than the upper pressure and temperature limits, #hinlet turbine
saturation temperature is not higher than the upper-temperatte limit, etc. Refer
to the appropriate sections in Chapter 4 for the process ow diagm and more
information about the individual plant.

5.2 DOE Pilot Plant Optimization

For the DOE Pilot Plant, both the algebraic EO model and the SM modeWwill be
optimized in order to compare the di erences in the optimization pedrmance. This
is aimed to highlight the issues associated with the optimization of SM rdels and
show the signi cant contributions of this research. The algebraic @ model will be
optimized using NLP solvers with both black-box and white-box solver Whereas,
the equivalent SM model will be optimized with the black-box NLP solves; but not
the white-box solvers, due to its non-algebraic structure.
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5.2.1 DOEP Algebraic Equation-Oriented Model Optimiza-
tion

The algebraic EO model of the DOEP that was discussed in Section 4.2MBs
constructed using the SymBuilder framework. The MATLAB code othe algebraic
EO model can be found in Appendix B.1. As a result, the built SymBuildeobject
of the DOEP reported the following model statistics:

SymBuilder Obiject
BUILT in 0.778s with:
- 21 variables
1 objective
- 1 linear
- 0 quadratic
- 0 nonlinear
32 constraint(s)
- 11 linear
- 15 quadratic
- 6 nonlinear
42 bound(s)
0 integer variable(s)

Note that there are more variables and constraints than the basfoRC system pre-
sented in Chapter 3. Overall, the optimization problem consists of gncontinuous
variables and constraints that are made up of linear, quadratic anabnlinear terms,
thus resulting in an NLP problem.

The net output power of the DOEP was optimized with respect to di eent
working uids using NLP solvers and then substituted into the SM modl. The
optimized results and the base case values are shown in Table 5.2etastingly, all
the black-box solvers managed to converge to the same solutionths white-box
solver. Note that the base case for each working uid was obtaindéctbm solving the
SM model using the original state-point properties as discussed iecdion 4.2.2.

The comparison between the optimized results and the base casduga are
shown in Figure 5.1. Analysing the optimized results, the working uid wh the
best net output power of 4554.2 kW was R600a, whereas R218 yieldbe worst
output power of 1703.3 kW. However, in terms of the biggest imprement from the
base case, R218 had the highest increase of 9.64% from the base,cahile RC318
had the lowest increase of only 0.14%.

The average solve time of each solver is shown in Table 5.3. One oleton
that is very noticeable in Table 5.3 is that all the black-box solvers ceerrged to a
solution signi cantly faster than the white-box solvers. The fastst solve time was
obtained by FILTERSD with only 0.009s, while the longest time was obtaed by
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Table 5.2: The optimized net output powers [kW] and the base caselwas of the
DOE Pilot Plant for all the NLP solvers.

Relative
Base Case Optimized Improvement
R600a 4541.5 4554.2 0.28%
R134a 2773.0 2844.7 2.59%
R152a 3314.6 3350.2 1.07%
R218 1553.5 1703.3 9.64%
R227ea  3314.0 3360.3 1.40%
RC270 3038.5 3096.3 1.90%
RC318 3889.0 3894.4 0.14%
CF3l 4019.1 4028.6 0.24%

Figure 5.1: The comparison between BARON's optimized net output peers and
the base case values of the DOE Pilot Plant.

BARON with 10.43s. This is a signi cant di erence from the solve time fo the
basic ORC system examined in Chapter 3 where the highest value fbetwhite-box
solver was only 0.5s. This shows the complexity of this system is relaly harder
to solve compared to the basic ORC system.

Taking the optimization problem further and minimizing the speci c rotating
machinery cost of the plant, which converts the objective functiointo a nonlinear
expression, the solutions of all the solvers can be summarised in T&ab.4 and Fig-
ure 5.2. Similarly, all NLP solvers converged to the same solution foa@ working
uid, where R218 showed the biggest improvement of 3.5% from theke case, and
CF3I had the smallest change of 0.66%.

Analysing the solve times for this second objective function in Table.5 the
solvers on average took longer converging to a solution than thetrmitput power
objective function. As expected, the black-box solvers were ntufaster than the
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Table 5.3: The solve times [s] of Table 5.2.

IPOPT  fmincon FILTERSD BARON SCIP
R600a  0.020 0.041 0.009 5.82 S
R134a 0.020 0.043 0.011 0.59 0.71
R152a  0.020 0.037 0.011 2.34 0.99
R218 0.020 0.043 0.011 0.49 0.68
R227ea 0.019 0.035 0.010 1.00 1.07
RC270 0.019 0.032 0.011 0.61 0.98
RC318 0.019 0.038 0.010 10.43 4.87
CF3l 0.019 0.040 0.011 2.31 1.41

Table 5.4: The optimized speci ¢ rotating machinery costs [k$/MW] ad the base
case values of the DOE Pilot Plant for all the NLP solvers.

Relative
Base Case Optimized Improvement
R600a 330.89 325.84 1.53%
R134a 373.00 367.71 1.42%
R152a 348.99 346.19 0.80%
R218 495.51 478.15 3.50%
R227ea  372.41 368.22 1.13%
RC270 352.18 347.73 1.26%
RC318 357.08 348.12 2.51%
CF3l 342.27 340.01 0.66%

white-box solvers, with the shortest time of 0.011s by FILTERSD. fie solve times
for the white-box solvers were noticeably longer than in Table 5.3, viitthe longest
time of 31.63s by SCIP. This could be due to the nonlinearity of the saad objective
function being more di cult to solve than the former objective fundion.

Table 5.5: The solve times [s] of Table 5.4.

IPOPT  fmincon FILTERSD BARON SCIP
R600a  0.026 0.116 0.013 7.08 31.63
R134a 0.021 0.051 0.012 0.79 2.86
R152a  0.021 0.042 0.011 2.02 3.44
R218 0.021 0.171 0.012 0.67 4.50
R227ea 0.020 0.042 0.011 1.90 9.44
RC270 0.019 0.041 0.011 0.92 4.18
RC318 0.021 0.049 0.013 1.65 12.23
CF3l 0.019 0.042 0.012 6.74 9.29

Furthermore, comparing the relative error of the optimized algelaic EO model
and the SM model, the average discrepancies are no more than 0.4%scfach of the
solvers and both objective functions. This is a good indication thatie algebraic EO
model is an accurate representation of the rigorous simulation meldover a range
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Figure 5.2: The comparison between BARON's optimized speci ¢ rotatg machin-
ery costs and the base case values of the DOE Pilot Plant.

of di erent operating points and working uids.

For additional thermodynamic validation, the heat exchange pross of the op-
timized DOE Pilot Plant can be plotted and analysed to ensure that thdaws of
thermodynamics and conventions are not being violated. The temgature pro le
between the geothermal brine/cooling water and the working uid inFigure 5.3
shows that there are no thermodynamic violations during the heatxehange pro-
cess, hence indicates that this ORC model does not show any andiesmdiscussed
in Section 3.2.2.1.

5.2.2 DOEP Sequential-Modular Model Optimization

In order to illustrate the ine ciency of the SM model for optimization, especially
for large and complex systems, the DOEP SM model was optimized witkspect
to di erent working uids and subjected to the same two objectivefunctions as
in the previous section. The SM model and optimization parametersdhered to
the same assumptions and simpli cations as stated in Section 4.2.1. i$tresulted
in 6 variables and 21 nonlinear constraints for the optimization probhe, which
was solved using IPOPT ,fmincon and FILTERSD with the relative and absolute
convergence tolerances reduced to 110 2.

The tolerances were relaxed after noticing that the solvers werailing to nd
a solution and taking a signi cantly long time to solve the optimization poblem.
From observing the iterations of the solvers, the objective funicin evaluations were
constantly uctuating around the optimal point, which indicated that the solvers
did not recognize that it has found a minimum as they could not satisfthe small

123



HP-preh & HP-evap/suph LP-evap/suph

BR1 380F (= Geothermal Brine (Hot)

=——=R600a (Cold)

420F

410F BR3
375f ¢

400

w

©o

o
T

A5

/

A10
360k : 35579
== Geothermal Brine (Hot)
A3 — R600a (Cold)

Temperature [K]
&
o

BR3 Ad

Temperature [K]

w
J
o

Distance Distance
LT-preh cond
340 —=R600a (Hot)
335 l=—=Cooling Water (Cold)
330
2325
(0]
§ 320
o
o 315
Q.
% 310
= cw2
305
300F
315 A1 == Geothermal Brine (Hot)
310k ——R600a (Cold) 295F
Distance Distance
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the speci c rotating machinery cost was optimized using SCIP. Thetates refer to
Figure 4.1. The x-axis represents the path of the uid ow in the heaexchanger

tolerances.

Table 5.6 shows the optimized results of the net output power objiee function.
As can be seen, the performances of the black-box solvers wegaisantly worse
than the performance of the algebraic EO model in Section 5.2.1. larse cases, the
solvers had di culties converging to a feasible solution and terminaté prematurely.
This is very prominent with FILTERSD where it was unable to nd a soluton for
all of the working uids, whereas IPOPT andfmincon were more successful but still
did not nd a solution for all the working uids.

In addition to failing to converge to a solution for all the working uids for those
instances where the solver did succeed, the solve times were carsidly longer
than the algebraic EO model (see Table 5.3). On average, it took IFRD more
than 6800x longer to optimize the SM model than the algebraic EO metl While
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Table 5.6: The optimized net output powers of the DOEP SM model, whe J is
the objective function in [kW] and Time is the solve time in [s]. The relativeand
absolute convergence tolerances were set to 1.0 2. FNS: Found No Solution.

IPOPT fmincon FILTERSD
J Time J Time J Time
R600a FNS - 4550.1 15.53 FNS -

R134a 28443 31.76 28442 2820 FNS -
R152a 3349.8 423.80 3349.7 43.11 FNS -

R218 1702.6 217.52 FNS - FNS -
R227ea 3359.9 79.29 FNS - FNS -
RC270 30959 46.66 3095.9 35.73 FNS -
RC318 3893.1 94.37 FNS = FNS =
CF3l 4028.1 11.22 FENS - FNS -

fmincon took more than 800x longer on average to optimize the SM model. Thss
a major drawback for the SM model in regards to optimization, esprlly dealing
with an exhaustive optimization that consists of the same number afariables and
constraints but di erent equation coe cients and constants.

Taking the optimization further and minimizing the speci c rotating machin-
ery cost, the black-box solvers yielded the same poor, if not woysaptimization
performance. As shown in Table 5.7, IPOPT managed to successfutlgnverge to
a solution for all the working uids, but the average solve time was lager than
maximizing the net output power by around 4x for all the solved instaces for both
objective functions. Unlike the rst objective function, fmincon did not manage to
solve for R152a and the average solve time was slower by more than ompared
to the algebraic EO model counterpart and only considering all the stances that
were solved in both models, the average solve time increased by mibran 29000x
for IPOPT, more than 860x for fmincon, and more than 2500x for FILTERSD to
optimize the SM model.

Table 5.8 shows the average number of iterations needed to optimittee SM
model and the algebraic EO model, which shows that all the black-bosolvers
required more iterations to optimize the SM model than the algebraiEO model.
The biggest di erence is observed with the IPOPT solver that can piire up to 62x
more iterations to optimize the SM model. Therefore, this would haveontributed
to the longer execution times shown in Tables 5.6 and Table 5.7.

The poor optimization performance of the SM model was due to thardct im-
plementation of the external thermodynamic routines (REFPROP)and the unit
operation functions that prevented the analytical gradient and ldssian information
to be supplied to the solver. Consequently, this resulted in the usd the nite
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Table 5.7: The optimized speci c rotating machinery costs of the DOE SM model,
whereJ is the objective function in [k$/MW] and Time is the solve time in [s]. The
relative and absolute convergence tolerances were set to 10 2. FNS: Found No
Solution.

IPOPT fmincon FILTERSD
J Time J Time J Time

R600a 325.88 1322.4 326.27 89.69 330.08 32.88
R134a 367.76 26.50 367.97 40.01 FNS -

R152a 346.22 24.06 FNS - FNS -
R218 478.32 22254 FNS - FNS -
R227ea 368.26 265.26 FNS - FNS -
RC270 347.77 47.96 347.98 49.77 FNS -
RC318 348.19 605.40 FNS = FNS =
CF3l 340.02 362.77 FNS - FNS -

Table 5.8: The average number of iterations that the black-box savs took to solve
the SM model and the algebraic EO model of the DOE Pilot Plant. This tiale only
considers the working uids that were solved in both models.

IPOPT fmincon  FILTERSD
EO SM EO SM EO SM

Net Output Power 13 183 11 22 - -
Speci ¢ Rotating Machinery Cost 14 878 13 39 9 31

di erence method to obtain the required derivative information tha led to various
convergence issues, such as premature termination and moreatens, as discussed
in Section 2.9. Furthermore, the implementation of a nonlinear equan solver,
fsolve , which was needed to solve the ORC system recycles at each optirtia
iteration, is another factor that contributed the poor optimization performance.
This nonlinear equation solver added extra complexity to the SM optiipation prob-
lem that resulted in a slower and less e cient performance, despiteaking a lower
number of decision variables and constraints than the algebraic EOouel.

The optimization performance of the SM model presented in this saéction il-
lustrates the major optimization issues associated with the SM moldend highlight
the importance and contributions of the proposed algebraic EO meld From com-
paring the optimization performance between the SM model and tredgebraic EO
model, it is evident that the formulation of the ORC model plays a signicant role in
the overall performance and solution of the optimization problem. Aerefore, given
the poor performance presented in this subsection, the SM modelsthe next two
plants will be not optimized but will be used to validate the algebraic EO mdels.
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5.3 USGeo Plant Optimization

The algebraic EO model of the USGP that was discussed in Section 4.@:ds con-
structed using the SymBuilder framework. The MATLAB code of thealgebraic EO
model can be found in Appendix B.2. As a result, the built SymBuilder gbct of
the USGP reported the following model statistics:

SymBuilder Object
BUILT in 1.329s with:
- 27 variables
1 objective
- 1 linear
- 0 quadratic
- 0 nonlinear
42 constraint(s)
- 9 linear
- 31 quadratic
- 2 nonlinear
54 bound(s)
0 integer variable(s)

Similar to the DOEP, the algebraic EO model was optimized with respedb
di erent working uids, namely, R601a, R245ca, R245fa, and C5F, that complied
with the model speci cations discussed Section 4.3.1. When optimizirige net
output power of the plant, all the NLP solvers managed to conveegto the same
solution for each working uid, as shown in Table 5.9 and Figure 5.4. Theorking
uid that had the highest improvement in the net output power of 1.8% was C5F12,
whereas R601a did not show any signi cant improvement and conggd to the base
case operating point as this was already the optimal solution. The sithdiscrepancy
between the optimized result and the base case for R601a is duette approximation
made to the algebraic EO model that rendered the two results di ent.

Table 5.9: The optimized net output powers [kW] and the base caselwas of the
USGeo Plant.

Relative
Base Case Optimized Improvement
R601a 14307.2 14311.3 0.03%
R245ca 12715.4 12842.9 1.00%
R245fa  10713.1 10853.1 1.31%
C5F12 11448.3 11629.4 1.58%

Analysing the solve times for the net power optimization problem in Tdk 5.10,
the average execution times for the black-box solvers were fadigan the white-box
solvers and exhibit a similar performance as the DOEP model.
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Figure 5.4: The comparison between BARON's optimized net output peers and
the base case values of the USGeo Plant.

Table 5.10: The solve times [s] of Table 5.9.

IPOPT  fmincon FILTERSD BARON SCIP

R601a  0.029 0.219 0.017 9.83 28.16
R245ca  0.023 0.065 0.013 0.64 3.14
R245fa  0.022 0.058 0.012 8.51 3.66
C5F12 0.021 0.044 0.014 0.69 3.18

Taking the optimization problem further and changing the objectivdunction to
the speci c rotating machinery cost, the following optimized resultsn Table 5.11
were obtained. Again, the black-box solvers managed to nd the se global solution
as the white-box solvers. The comparison between the global satuts and the base
case values is shown in Figure 5.5. Similar to the previous objective &tion, C5F12
yielded the best result with an improvement of 2.11% from the basesms whereas
R601a only had a small improvement of 0.86%.

Table 5.11: The optimized speci ¢ rotating machinery costs [k$/MW] ad the base
case values of the USGeo Plant.

Relative
Base Case Optimized Improvement
R601a 215.66 213.80 0.86%
R245ca 219.47 215.37 1.87%
R245fa 230.93 226.71 1.83%
C5F12 220.85 216.18 2.11%

When analysing the solve times of the optimized specic rotating maahery
cost, it took fmincon signi cantly longer to solve the model than the other black-
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Figure 5.5: The comparison between BARON's optimized speci ¢ rotatg machin-
ery costs and the base case values of the USGeo Plant.

box solvers. As shown in Table 5.1Zmincon took on average 0.395s to solve the
optimization problem, while IPOPT and FILTERSD took around 0.025s ad 0.015s,
respectively. The long execution time ofmincon compared to other black-box
solvers could be due to a number of factors, including the supplied iiait guess, the
complexity of the problem, the number of variables and constrainter the algorithm
convergence criteria, and it can be very di cult to narrow down theactual causes as
it can be a combination of factors that a ect the overall performace of the solver.
Furthermore, for interior-point algorithms (which is used infmincon), can set the
initial points to the midpoint of the nite bounds if they are outside the supplied
bounds or the algorithm can attempt to nd a \central path" (the path that the
algorithm takes to nd the optimal solution) midpoint between the nite bounds
[125]. This can result in the solver using an initial point or a central pdt that is
further away from the optimum point and take more iterations to caverge to a
solution, as shown in Table 5.13.

Table 5.12: The solve times [s] of Table 5.11.

IPOPT  fmincon FILTERSD BARON SCIP

R601a  0.024 0.192 0.015 1.67 13.85
R245ca  0.024 0.227 0.014 0.63 3.72
R245fa  0.026 0.921 0.015 1.93 6.22
C5F12 0.025 0.240 0.016 0.53 2.71

Despite the long execution times of thémincon solver, the average discrepancies
between the optimized algebraic EO model and the SM model were I¢san 0.15%
for each of the solvers and both objective functions. This showkat the algebraic
EO model of the USGP is an accurate representation of the rigorewsimulation
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Table 5.13: The average number of iterations that the black-box sers took to
solve the algebraic EO model of the USGeo Plant.

IPOPT  fmincon FILTERSD

Net Output Power 19 19 8
Speci ¢ Rotating Machinery Cost 20 72 9

model over a range of di erent operating points and working uids.

For an additional validation check, the heat exchange process dfet optimized
USGeo Plant can be plotted and analysed to ensure that the laws diermody-
namics and conventions are not being violated. The temperature @le between
the geothermal brine/cooling water and the working uid in Figure 5.6shows that
there are no thermodynamic violations during the heat exchange guess, hence in-
dicates that this ORC model does not show any anomalies that werésdussed in
Section 3.2.2.1.

5.4 Magmamax Binary Power Plant Optimization

The algebraic EO model of MBPP that was discussed in Section 4.4.1 ween-
structed using the SymBuilder framework. The MATLAB code of thealgebraic EO
model can be found in Appendix B.3. As a result, the built SymBuilder gbct of
the MBPP reported the following model statistics:

SymBuilder Object
BUILT in 1.592s with:
- 26 variables
1 objective
- 1 linear
- 0 quadratic
- 0 nonlinear
42 constraint(s)
- 7 linear
- 26 quadratic
- 9 nonlinear
52 bound(s)
0 integer variable(s)

Given that the plant uses two di erent working uids, the model will be sub-
jected to two sets of working uids, namely, R600a, R236ea, RZa6and RC318 for
the HP cycle, and R290, R32 and R143a for the LP cycle. These wmidk uids
were selected based on their availability via JSteam and their thermgdamic prop-
erties complying with the model speci cations that were discussed tBection 4.4.1.
Table 5.14 shows the optimized net output powers of the algebraic E@odel with
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Figure 5.6: Diagrams showing the heat exchange between the hotdiuen and
cold medium, where the speci c rotating machinery cost of the US®ePlant was
optimized using SCIP. The states refer to Figure 4.9. The x-axis regsents the path

of the uid ow in the heat exchanger.
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respect to the di erent working uid pairs using the NLP solvers. Inthis case, all the
black-box solvers managed to converge to the same global solutasthe white-box

solvers.

Table 5.14: The optimized net output powers [KW] of the Magmamax Bary Power
Plant.

LP Cycle
R290 R32 R143a

R600a 9625.7 9157.0 9272.9
R236ea 9641.8 9205.0 9314.4
R236fa 9282.6 8766.3 8894.7
RC318 8553.9 7854.5 8031.3

HP Cycle

The comparison between the optimized results and the base caskiga is shown
in Figure 5.7. From the optimized results, the pair of working uids tha gave the
highest net output power of 9641.8 kW is R236ea for the HP cycle aR290 for the
LP cycle, which is higher than the optimized original plant working uids(namely,
R600a for the HP cycle and R290 for the LP cycle) by 0.17%. The paif working
uids that yielded the biggest improvement from the base case by 3% is RC318
for the HP cycle and R143a for the LP cycle. For this optimization prigdem, the
average discrepancy between the optimal results and the basseaalues is around
0.05%, which indicates that the algebraic EO model is good represainbn of the

original system.

Figure 5.7: The comparison between the optimized net output powseand the base
case values of the Magmamax Binary Power Plant.

Collectively the black-box solvers managed to converge to a solutienthin an
average solve time of 0.032s for all the working uid pairs, as shown Table 5.15.
While both of the white-box solvers on average took 87s to conver¢p a solution,
which is signi cantly longer than the black-box solvers. The poor péosrmance could
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be due to the larger number of nonlinear constraints compared thé previous two
binary cycle power plants. Given that the algorithm of the white-boxsolvers is the
spatial branch-and-bound method that requires solving a convexelaxed problem
and the original nonconvex problem repeatedly, it can be very comationally
expensive to solve highly nonlinear problems and can result in a long exgon
time.

Table 5.15: The solve times [s] of Table 5.14.

LP Cycle
R290 R32 R143a

R600a 172 716 243

& R236ea 404 2101 90.9
X R236fa 57.8 296.0 217.5
M  RC318 348.6 234.4 106.0
R600a 56 7.4 205

% R236ea 47.2 136 248
% R236fa 403 179 20.0
RC318 786 223 76.2

o R600a 0.031 0.022 0.024
S & R236ea 0.023 0.022 0.019
O & R236fa 0.019 0.019 0.019
o RC318 0.023 0.023 0.025
- R600a 0.207 0.057 0.058

§ R236ea 0.050 0.046 0.054

£ R236fa 0.040 0.038 0.043
* RC318 0.042 0.038 0.043
o R600a 0.023 0014 0018

¢ R236ea 0.014 0.018 0.013

I R236fa 0.015 0.012 0.011

= RC318 0.012 0.018 0.014

Taking the optimization problem further and minimizing the speci ¢ rotating
machinery cost of the plant, a similar outcome can be observed in tlogptimized
results. The black-box solvers managed to converged to the sagiebal solution as
SCIP, as shown in Table 5.16. However, in this case, BARON was notlatbo nd a
solution to all working uid pairs and terminated after reaching the naximum solve
time limit of 1 hour.

Collectively, on average, it took white-box solvers around 515s tolge the opti-
mization problem. Whereas, the black-box solvers managed to cenge to a solution
for all the working uid pairs within an average solve time of 0.156s, ashown in
Table 5.17, which is about 5x slower than the net output power objgee func-
tion. Consequently, the solvers required more number of iteratisrto optimize the
problem compared to the rst objective function, as shown in Tablé.18.
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Table 5.16: The optimized speci ¢ rotating machinery costs [k$/MW] bthe Mag-
mamax Binary Power Plant.

LP Cycle
R290 R32 R143a

R600a  253.00 247.08 252.99
R236ea 247.66 241.22 247.42
R236fa 257.25 251.20 257.69*
RC318 276.89* 273.10 280.05

*BARON: Maximum Time Reached

HP Cycle

Table 5.17: The solve times [s] of Table 5.16. MTR: Maximum Time Reached

LP Cycle
R290 R32 R143a

R600a  22.2 8.7 24.5

R236ea 106.1 9.4 951.5
R236fa 895.4 464.2 MTR

RC318 MTR 337.1 1328.7
R600a 46.5 17.0 50.1

R236ea 104.4 140 474

R236fa 784.8 157.4 2804.5
RC318 541.1 320.1 2303.4
R600a 0.033 0.022 0.029
R236ea 0.034 0.028 0.023
R236fa 0.039 0.028 0.031
RC318 0.052 0.024 0.027
R600a 1.062 0.132 0.173
R236ea 0.866 0.159 0.641
R236fa 0.353 0.150 0.789
RC318 0.298 0.144 0.260
R600a 0.021 0.016 0.018
R236ea 0.019 0.020 0.020
R236fa 0.016 0.025 0.016
RC318 0.017 0.013 0.019

SCIP  BARON

HP Cycle
IPOPT

FILTERSD fmincon

Table 5.18: The average number of iterations of the black-box sotsefor the Mag-
mamax Binary Power Plant.

IPOPT  fmincon FILTERSD

Net Output Power 18 14 9
Speci ¢ Rotating Machinery Cost 26 75 12

Analysing the comparison between the optimized results and the lmasase values
in Figure 5.8, the highest improvement of 2.84% from the base caseswzbtained
with RC318 for the HP cycle and R143a for the LP cycle. While the lowesm-
provement of 1.06% was obtained with R600a for the HP cycle and RR2%or the

134



LP cycle. The lowest specic rotating machinery cost of 241.22 k$/W was ob-
tained with R236ea for the HP cycle and R32 for the LP cycle, which is 466%
improvement from the original working uid pair.

Figure 5.8: The comparison between the optimized speci ¢ rotating achinery costs
and the base case values of the Magmamax Binary Power Plant.

To ensure that the thermodynamic violation discussed in Section 3.212does not
occur, the temperature pro les of the heat exchangers can béofied and analysed.
As shown in Figure 5.9, there are no anomalies during the heat exclganprocess
that indicate the second law of thermodynamics is violated.

Despite the poor performance of the white-box solvers, the aage discrepancy
between the optimized algebraic EO model and the SM model for theexi ¢ ro-
tating machinery cost was<0.01% for each of the solvers. This indicates that the
thermodynamic approximations did not deviate the algebraic EO modiérastically
from its SM model counterpart over a range of di erent operatingoints and working
uids.

It is widely acknowledged that nonlinear problems are hard to solve dmeducing
the nonlinearity of the problem can help improve the performance dhe solver.
Often practitioners applied various linear and integer techniqueses [126, 127, 24],
to the nonlinear problem in order to reduce the complexity and resuiin a more
favourable outcome. However, some of these techniques canuaedthe accuracy of
the model by using linear approximations on the nonlinear terms, wticcan be a
drawback if the accuracy is of high importance. In the next chaptewe will address
this issue by implementing piecewise t approximations to reduce theomlinearity
of the optimization problem without compromising on the accuracy athe model.
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Figure 5.9: Diagrams showing the heat exchange between the hotdin and
cold medium, where the speci ¢ rotating machinery cost of the Magamax Binary
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represents the path of the uid ow in the heat exchanger.
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5.5 Automating the Working Fluid Selection

While in the literature there are extensive analysis and comparison&tween di er-
ent working uids on various ORC systems, there is no one best warky uid that
can meet all the thermodynamic constraints, environmental redations, cost limi-
tations and di erent heat source temperatures of every ORC siam [53]. Also, the
best working uid that generates the highest e ciency for one ORCsystem may not
have the same outcome under di erent operating conditions, plarg¢on gurations,
and working uids. There will always be compromises that need to beonsidered
when selecting a working uid. However, leveraging o the proposedigebraic EO
model structure, the optimization problem can be integrated with a outer loop
statement to automatically and e ciently select the optimum working uid from a
set of working uids.

Constructing an outer loop around the ORC optimization problem amants to
gathering the potential working uids and optimizing the model with respect to each
working uid. At the end of each iteration, the optimized result will be compared
to the previous result and replaced if the new working uid o ers a mge superior
outcome. As a result, the optimum working uid will be automatically séected from
a set of uids for the ORC system.

Table 5.19 shows the total computational optimization times of the anstruc-
tion and optimization of the algebraic EO models. Evidently, the totalsolve times
are reasonably fast despite solving the optimization problem multiplames. Sup-

Table 5.19: The total computational optimization times of the algelaic EO models
with respect to di erent working uids using IPOPT, where the net output power
was optimized.

DOEP USGP MBPP

Build Time 6.224s 5.316s 19.10s
Solve Time 0.136s 0.095s 0.269s

Total 6.360s 5.411s 19.37s

pose the same optimization procedure was to be implemented using @M model,
the optimization times would be signi cantly longer and, in some casehave is-
sues converging to a solution (as shown in Section 5.2.2). The couostion of the
optimization problem (i.e., SymBuilder object) took signi cantly longerthan the op-
timization time. This is mainly due to the construction of the Jacobian ad Hessian
matrices using the MATLAB's Symbolic Math Toolbox and, thus, will sulsequently
take much longer to build for larger problems. Therefore, it might béene cial
for future work to consider optimizing the code of the SymBuilder &mework or
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investigate in other alternative modelling platforms, such as GAMS oAMPL, and
explore if they can o er a faster approach at constructing the dpmization model.

5.6 Summary

This chapter detailed the optimized results and performance of tee real-world
ORC systems using the algebraic EO formulation discussed in Chaptér Each
ORC model was optimized with respect to di erent working uids and o objective
functions, namely, the net output power and the speci c rotatingmachinery cost.
Overall, the black-box solvers were relatively faster than the whitbox solvers and
converged to the same global optimum.

In addition, this chapter also highlighted the optimization ine ciency of the
SM model compared to the proposed algebraic EO model, especially lavge and
complex systems, by optimizing the SM model of the DOE Pilot Plant usgn NLP
black-box solvers. The results showed that the optimization perimance of the SM
model was poor and resulted in long solve times and convergence assuThis is
due to the use of the nite di erence method and the requirement foa nonlinear
equation solver to converge the ORC owsheet at each optimizatioteration.

While the overall performance of the black-box solvers and accusaof the alge-
braic EO models were very favourable, the white-box solvers did nperform as well
in some cases, especially with the Magmamax Binary Power Plant. Thellbwing
chapter will explore the implementation of piecewise functions for @poximating
the thermodynamics and unit operations in order to reduce the néinearity of the
problem without compromising on the accuracy. This alternative appach is ben-
e cial for when both the accuracy of the model and the optimizatio performance
are of high importance, but also want to retain the same algebraic &racteristic
that is di erentiable and compatible with the white-box solvers.
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Chapter 6

Model Improvement Using
Piecewise Fit Approximation

This chapter will introduce a piecewise t formulation to approximate univariate
and bivariate functions for global optimization. The rst section will present a
description of the piecewise t approximation algorithm with a simple uivariate
and bivariate function as an example. This is then followed by the disssion on
how the accuracy of the approximation can be further improved bgptimizing the
allocation of the piecewise t breakpoints. Lastly, the advantageand limitations of
the presented piecewise t approach will also be highlighted, and thehapter will
conclude with the implementation of the piecewise t on the ORC systas.

6.1 Introduction

In the algebraic EO models presented thus far, some of the opecaial constraints
and the isentropic work of the turbine and pump were approximatedsing only a
single curve or surface t. This approach allows an algebraic EO maddaf an ORC
system to be formulated and globally optimized to a reasonable level accuracy.
However, utilizing a single surface/curve t might not always providethe level of
accuracy that is adequate for di erent working uids, chemical pocesses, or highly
nonlinear thermodynamic properties. While it is possible to increaseetaccuracy of
the t by using a more nonlinear t or increase the order of the polyemial function,
the improvement in accuracy might not be su cient and can increase¢he nonlin-
earity of the optimization problem that can lead to poor optimization grformance.
An alternative approach is to use a piecewise t and formulate an algeaic mixed
integer nonlinear programming (MINLP) model that consists of lowevel nonlinear
ts with better regression accuracy. Leveraging the modelling appach presented
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in the Chapter 3 and Chapter 4, the proposed piecewise t formulan will not
compromise on the algebraic structure of the optimization problemnd will still be
compatible with the white-box solvers.

6.2 Piecewise Fit Approximation

This section will present the piecewise t algorithm that was develomkto increase
the accuracy of the approximations of univariate and bivariate fustions. Unlike
other piecewise t approximation in [128, 127], this approach is not liméd to lin-
ear approximations, but allows higher order polynomial approximatits to achieve
better accuracy without increasing the number of breakpoints.nladdition, this ap-
proach can easily be implemented to both univariate and bivariate fations and re-
quires fewer binary variables and a simplespecial ordered se{SOS) type constraint.
This method was developed in MATLAB using the object-oriented appach, where
the name of the MATLAB class is calledpwifit .

6.2.1 The pwfit Algorithm

The algorithm of pwfit utilizes the Isglin  MATLAB function [129], which solves
constrained least-squares curve tting problems of the form

min %jj Cx djj3
st: AX b; (6.1)

Aequq = beq:

In this case, the linear constraints are associated with the piecewisubfunction
continuity constraints, i.e., the gradient and function evaluation ofthe adjacent
subfunctions must be the same at the breakpoint, which will be disssed next in
Section 6.2.2.

For illustration purposes, the data in (6.2) will be used to explain thegwfit
algorithm, which was generated from a basic exponential functiof(x) = €*. Fig-
ure. 6.1 shows the data as black dots and the two quadratic polynaah ts separated
by the breakpoint. The breakpoint for this example was xed at 2, tus dividing
the number of data points evenly. Note the location of the breakma was selected
arbitrarily for this example, but it will be optimized later in Section 6.2.3 b further
improve the accuracy of the regression t.
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2 3 2 3
1:00 2:72
1:22 3:39
1:44 4:24
1:67. 5:29

Xdata = ;il i Ydata = 22; : (6.2)

2:3 10:31;
2:5 128
2.7 16.0
3:00 20.09

T
® Data

(| — 15" pwfit  curve
| @® pwiit breakpoint
— 2" pwfit  curve

Error

Figure 6.1: Approximating y(x) = & with pwfit using two quadratic polynomial
functions with a xed breakpoint at 2.

The constant vectord is equal to theyyaa, Whereas the multiplier matrix C can
be constructed as a set of Vandermonde matrices for thga, that are arranged

A

Each Vandermonde matrixV ., is associated to one of the polynomial curves/sur-

diagonally in a matrix as

Vv

1

' 0
0 v22 0 %

Vm;n

(6.3)
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faces of the piecewise t and is de ned as

2

N N 1 0

Xdatal Xdatal Xdatal
N N 1 0

X X X

_ data datas dataz 7 .
Vi = g . R 7 (6.4)

N N 1 0

Xdatai Xdatai Xdatai

whereN is the degree of the polynomial function t. The dimension of each Valer-
monde matrix depends on the location of the breakpoints and the mber of data
points between two adjacent breakpoints. Therefore, the valuef the multiplier
matrix C and the constant vectord for (6.2) are given as

2 3 2 3
1 1 1 O 0O 0 2:72
1149 122 1 O 0 3:39
209 144 1 O 0 4:24
278 167 1 O 0 5:29

C = 357 189 1 O 0 and d = 6:61 : (6.5)

0 0 0 446 211 I 8:26

0 0O O 544 233 I 10:31;
0 0O O 653 256 I 128
0 0O 0 772 278 X 16.0

0 O 0 9 3 1 20:09

6.2.2 Subfunction Continuity Constraints

In order to meet the function continuity constraints, the gradieh and the function
evaluation of two adjacent subfunctions must be equal at their ogoining breakpoint.
This involves deriving a set of linear equality constraints that equatéhe geometric
progression terms of the two adjacent subfunctions and their @gients. This results
in the following general matrix and vector:

2
Vi Va1 0

0 0
Vii Vo 0
0 V.2 V32

© O o o
o O o O

; (6.6)

o
o
o
=
[ .
o
®
a
1
[0} 0) 0) 0} 9} 0) 0} 0) 92 0) 02 2 I \ V)
o “ns
OoRNNNNNRNRRNNRN W
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wherei is the number of curves/surfacesj is the number of breakpoints,vij =
[bekj ;XEkj Lo xgkj] Is the geometric progression terms of the piecewise subfunction
at Xy, breakpoint, v = [Nxp} *; (N 1)x$j Y 1. 0] is the geometric progression
terms of the piecewise subfunction gradient aty,; breakpoint, andN is the degree
of the polynomial function t. Every odd row of (6.6) deals with the function
evaluation continuity, and every even row deals with the gradient cwinuity. Note
that for a linear approximation, all the even rows ofA ¢, that deal with gradient
continuity are omitted because it will result in a straight line, and the em of squared

errors (SSE) will be very large for highly nonlinear approximations.

Applying (6.6) to the example data in (6.2) where the location of the lmakpoint
is at 2, the geometric progression terms of the polynomial subfuimns and their
corresponding gradients can be written as

" # " #

4 21 4 0
and beq = 0 : (6.7)

A.,=
T 410 4

Once C, d, Agq and bey are derived and entered into thesqglin  function, the
coe cients of the quadratic polynomial subfunctionsx can be solved for the piece-
wise function. For the example data in (6.2), this results in the followig piecewise

function: 8

< 2:113x?  1:76x +2:35 ‘0 X 2
9(x) = . (6.8)
L 5:90x2 1680k +17:40 :2<x 3

that can be used to approximate the correlation betweerya, andy g, in (6.2).

In order to automate the piecewise t discussed above, the algdnih was devel-
oped using the object-oriented approach in MATLAB, where the & only requires
to enter the data (Xgata, Yqata ), type of t model, and the breakpoint allocations as
follows:

pwfitobj = pwfit(xdata,ydata, ‘poly2' ,[1,2,3]);

The single line of code above will automatically generate th€, d, Aeq, and begq

matrices that are specic to the input arguments. Thepwfit function will then

output an object that contains properties of the piecewise funicn, such as the
polynomial coe cients and the sum of squared errors. Thewfit object can be
passed to one of thgwfit methods, namely,feval , print , and plot , to evaluate
the piecewise function at a specied point, to print the piecewise t gbfunctions,
and to plot the piecewise t (see Figure 6.1). For instance, the usean type the
following lines in the command window:
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>> feval(pwfitobj,2.2)
ans =
8.9400
>> print(pwfitobj, "900.39')
ans =
2x1 cell array

2.13*xd"2 + -1.76*xd + 2.35'
5.9*xd"2 + -16.8*xd + 17.4'

>> plot(pwfitobj)

The samepwfit algorithm described above can also be implemented to bivariate
functions using polynomial surface t models, as shown Figure 6.2.ok¥ever, unlike
univariate functions, the input data must be supplied topwfit as matrices, not
vectors, thus the user must enter the data as follows:

pwfitobj = pwfit(Xdata,{Ydata,Zdata}, ‘poly21' ,[2,3.5,5]);

The MATLAB code above will generate all the required matrices forhte Isglin
function and output the following piecewise function:

8

206 y) <6262 178x+2:7y+6:85 :2 x 35 6.9)
Xy)= :
-+ 336x%> 20K +2:7y+342 :35 x 5

that corresponds to Figure 6.2. The currenpwfit algorithm can only divide the
bivariate function along the x-axis, thus the breakpoints specifyhie locations on the
x-axis where two subfunctions meet. Consequently, the Vandeomde matrices in
(6.3) are derived based on where the breakpoints divide théyaa matrix.

For the example in Figure 6.2, thepwfit algorithm automatically converts X gata
matrix into a single column vectorxy,, USiNg the colon operator in MATLAB and
divides it into two equal sets of data because the breakpoints argemly spaced.
Subsequently, theY 4, is also converted into a single column vector and is divided at
the same position as where they,, Vector was divided. The two column vectors are
then used to generate the Vandermonde matrices similar to the uaiate function
example described above. For the function continuity constraintghe A ¢, matrix
and the beq vector are derived using the breakpoint, i.e., 3.5 in this case, and the
values from the rst column of the Y 4o matrix. Lastly, the d vector in (6.1) is
derived by converting theZ 4. matrix into single column vector. These generated

144



Figure 6.2: Approximatingz(x;y) = (siny)?+ e with pwfit using two quadratic
polynomial surfaces jjoly21) with a xed breakpoint at 3.5. The black dots are the
input data and the red solid line is the breakpoint.

vectors and matrices are subsequently entered intsglin  function and solved for
the coe cients of the piecewise function.

6.2.3 Optimizing Breakpoint Allocations

The accuracy of the regression can be improved by optimizing the &on of the
breakpoints, which di ers from the arbitrarily xed locations in Section 6.2.1. This
is done by formulating an outer optimization problem to allocate the lakpoints in
order to minimize the sum of all the SSE of each subfunction. Givendhlsqlin
output the squared 2-norm of the residuals, which is equivalent tdhé SSE value,
and is de ned as

resnorm= jjCx  djj3; (6.10)

this value can be used as part of the objective function for the ogit optimization
problem. In addition, in order to penalize the distance between twadgacent break-
points from being too close to one another, the product of the suof the inverse
di erence between two adjacent breakpoints and a weighted cdast was added to
the objective function. Therefore thepwfit breakpoint objective function becomes
X1 1
J = resnorm+ Wy,
i=1

_ 6.11
Xoki  Xbkis1 ( )
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whereresnorm is the squared 2-norm of the residuals (or the SSE value) from the
Isglin , Xpk, IS the breakpoint, wy is the weighted constant (0.01 by default but
can be changed by the user), and is the number of breakpoints including the
minimum and maximum values of thexyqa, i.€., the breakpoint vector consists of

Each xy, is bounded using the minimum and maximunxy,, Value and is sub-
jected to an inequality constraint to ensure that they are not grater than the
following breakpoint, which can be expressed as

Xpk; Xpkiy 1+ (612)

The breakpoint optimization problem is solve using the optimizer NLopf130] (al-
gorithm: AUGLAG, subalgorithm: LN _COBYLA), which can be invoked by intro-
ducing a fth input argument, i.e., "optimized’, to the pwfit function, as shown
below:

pwfitobj = pwfit(xdata,ydata, ‘poly2' [1,2,3], “optimized' );

Using the data points in (6.2) as an examplegywfit will generate the required ma-
trices for the Isglin  function, formulate the breakpoint optimization problem and
use the xed point, i.e., [1,2,3], as the initial point for the optimization. Rgure 6.3
shows the piecewise t of the example data in (6.2) with the optimized &ation of
the breakpoint.

L
® Data
|[—— 1% pwiit  curve
|| ® pwiit  breakpoint
— 2" pwfit  curve

1
1 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6 2.8 3
T T T T

Error

1
1 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6 2.8 3

Figure 6.3: Approximating y(x) = € with pwfit using two quadratic polynomial
functions with an optimized breakpoint location.
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By optimizing the breakpoint location from 2 to 2.14, the SSE value hade-
creased from 0.0285 to 0.0149 without increasing the complexity dfet piecewise
function. As a result, the piecewise approximation for the exampleath in (6.2) can
now be expressed as

<251x2 2:8%+3:08 0 x 214
9(x) = . (6.13)
© 650k 1990k +21:40 :214 x 3

using the same quadratic polynomial t functions.

The same optimization problem can also be used to optimize the breaipt
allocation along the x-axis of a bivariate function to improve its accarcy. Using the
bivariate function example in Figure 6.2, the SSE of the regressionaleased from
239.01 to 162.22 by optimizing the location of the breakpoint. This reked in a
piecewise function that can be expressed as

8

<102x2 386x+2:7y+33:7 2 x 38
2(x;y) = . (6.14)
C414x2 27& +2:7y+494 38 x 5

with the breakpoint optimized from 3.5 to 3.8, as shown in Figure 6.4.

Figure 6.4: Approximatingz(x;y) = (siny)?+ € with pwfit using two quadratic
polynomial surface poly21) with an optimized breakpoint location. The black dots
are the input data and the red solid line is the breakpoint.

By optimizing the locations of the breakpoints, the accuracy of thpiecewise t
can be improved without increasing the number of tting curves/sufaces. This can
very bene cial when dealing with a large optimization problem that regires many
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regressions because it reduces the number of auxiliary variablesd atonstraints
needed to implement the piecewise t.

6.2.4 Limitations of the  pwfit Algorithm

There are some limitations to the currentpwfit algorithm. First, the subfunc-
tion can only be a polynomial function (see Appendix C), and not expential,
power, or trigonometric functions, because it is not possible to csinuct the Van-
dermonde Matrix for non-polynomial functions that are not linear irthe parameters.
While it is acknowledged that there might be problems outside this reaech where
non-polynomial functions could be bene cial, the proposed ORC dgsns can be
approximated quite su ciently with only polynomial functions. However, it will be
on the agenda for future work to incorporate other nonlinear fwtions. Second, the
order/degree of the polynomial model t has to be same for evelgubfunction. This
means that some parts of the regression might be overcompermshby the high order
nonlinear model t, which can add extra complexity to the optimizatian problem
when a linear t might suce. Third, for bivariate functions, the cur rent pwfit
algorithm can only divide the piecewise function along one of the axegherefore,
increasing the number of breakpoints might not always improve thecauracy of the
regression in some cases.

For this research, the currentpwfit algorithm is more than su cient to ap-
proximate the thermodynamic properties of the working uids overthe proposed
optimization range. The REFPROP thermodynamic data that was gegrated in
Chapter 3 and Chapter 4 did not present extreme cases of nonlimiga or disconti-
nuity that were impossible to approximate using polynomial functionsFurthermore,
the bivariate function approximations in this research did not exhibithigh nonlin-
earity along the y-axis (i.e., looking at the plot from the Y-Z view) and hus there
was no need to divide the piecewise function along the y-axis.

6.3 Piecewise Function Optimization Formulation

In order to utilize the piecewise t approximation, it needs to be intraluced to
the optimization problem via integer programming techniques. A simplevay to
incorporate the piecewise t is to make the piecewise function equed the sum of
the product of the subfunction and binary variable, and set all théinary variables as
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special order set type 1 (SOS1) variables. This will result in the follomg constraints:

X
'=  gh;
i=1
h=1: (6.15)
i=1
b 2f0;1g;

wheref'(x) is the approximated piecewise functiong is the subfunction, andh is
the binary variable. Since only one binary variable can equal to 1, thisill equate
f\(x) to only one of the subfunctions and set all the others to zero. \ilb this
approach can be easily implemented, it is ine cient to multiply a binary vaiable
with another variable because it introduces extra nonlinearity intolie optimization
problem, as noted by [127].

An alternative method is to use a slightly modi ed integer programmingech-
nigue from AIMMS modelling guide (in Section 7.7) [127], also known as tdover's
linearization scheme [24]. This involves introducing a new variableand enforcing
it to take the value of g using the following linear constraints for each of the
subfunctions:

Vi uib;
Vi g+M@ h);
Vi g M@ h)
vi lib;

(6.16)

whereu; and |; are the upper and lower bounds of the corresponding subfunctign
M is the \big-M" constant (a constant that has a large value) andy is the binary
variable. Whenh = 0, this implies

9
Vi 0 E
Vi g+M” .
) v; =0; (6.17)
Vi ¢ ME
Vi 0 ’
and whenh =1, it implies 9
Vi ug
Vi -
9 ) v=g (6.18)
Vi QE
Vi |’
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Consequently, the piecewise function now becomes
ft= Vi; (6.19)

wheren is the number of subfunctions. Since only one subfunction can bdested,
this can be enforced as follows

e

X Xpk; 0

X Xpk;, ;03 (6.20)

where x is the x-axis variable of the subfunction,xy, Is the breakpoint value
(including the minimum and maximum values OfXgata, i-€, Xpk; = Xdata,,, and
Xbkns 1 = Xdatams )» @Nd N is the number of subfunctions.

Applying (6.16), (6.19) and (6.20) to the piecewise function example ¥{6.13),
the rst subfunction results in

v, 8:5by;
vi  (2551x? 2:8% +3:08)+20:1(1 by); (6.21)
vi  (251x2  2:83x +3:08) 201(1 by); '
vy 2.7y
and the second subfunction results in

Vo 201by;

v 6:50x> 1990x +21:40)+20:1(1 by);
> ( ) ( ) (6.22)

Vo, (6:50x?  1990x +21:40) 201(1 by);
Vo  8:5b:

In this case, theu; and |; are equal to the maximum and minimum subfunction
evaluations, andM is equal to the maximum piecewise function evaluation (but it
can be a larger value). Consequently, the piecewise function canderessed as

= vy + vy (6.23)
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and the piecewise function conditions can be formulated as

X  1:.000 + 2:14b;
X  2:14b; + 3:000; (6.24)
b+ b =1:

The bivariate piecewise functions can be implemented into an optimizah problem
in the same matter as illustrated above.

6.4 The Implementation of pwfit on ORC Sys-
tems

This section will reformulate the three ORC models presented in Chtgy 4 using the
pwfit function to highlight two contributions of the proposed piecewise tapproxi-
mation. First, the accuracy of the thermodynamic approximation &an be improved
by using a piecewise t instead of a single t. Second, the performage of certain
white-box solvers can be improved by usingwfit to decrease the deleterious e ect
of the nonlinearity of the optimization problem.

6.4.1 Improving the Accuracy of the Optimization Model

In order to demonstrate the rst contribution, the enthalpy values of R227ea were
calculated over a range of pressures, i.eR?, 2 [1197;26:31]bar at T = 369:72K,
which is one of the operating constraints of the DOE Pilot Plant modelFigure 6.5
shows the regression t and error plot of the enthalpy values usirg cubic function.
As such, the enthalpy can be approximated using

A= 0:0094P°%+0:443P2 8:18P +449; (6.25)

whereP is the pressure value. Alternatively, the same enthalpy can be agximated
using pwfit , as shown in Figure 6.6. As a result, the enthalpy can be approximalte
using in the following piecewise function:

8

< 0:054P2+0:39P +401 :1197 P, 2314
= (6.26)
0:54P2+22:9P +140  :2314 P, 2631

that has two quadratic polynomial ts.

Comparing the two regression ts, the piecewise t achieved a lowenaximum
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Figure 6.5: Approximating the enthalpy of R227ea aP 2 [11:97,26:31]bar and
T = 369:72K using a single t. The black dots are the REFPROP data and the
blue solid line (top plot) is the approximated cubic polynomial t.

error than the single t as observed in the two error plots. Also, byalculating the
SSE of both regressions, the piecewise t obtained a lower value a3 D compared to
the single t that yielded an SSE of 1.95. This shows that by using a piewise t, it

is possible to achieve a more accurate approximation than using a deng, despite

using a lower order polynomial t. This has an important useful implicéon for

problems with multiple regressions that are coupled together by csinaints, as will

be shown in Section 6.4.2. If the regressions are not accurate anghly nonlinear,
they can lead to an unreliable solution, poor optimization performamcor, in some
cases, can render the optimization problem infeasible.

6.4.2 Reducing the Deleterious E ect of the Nonlinearity of
the Optimization Model

From the previous subsection, the accuracy of the regressioncan be improved by
using a piecewise t that has a lower order polynomial t. This attribute can be
used to reduce the deleterious e ect of the nonlinearity of the ophization problem

without compensating on the accuracy of the model. As will be praged in this

subsection, this can improve the performance of some optimizatisolvers. In order
to highlight this contribution, all three case studies in Chapter 5 will ke reformulated
using piecewise t approximations.
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Figure 6.6: Approximating the enthalpy of R227ea aP 2 [11:97,26:31]bar and

T = 369:72K using pwfit . The black dots are the REFPROP data and the solid
lines (top plot) are the approximated quadratic polynomial ts. The error plot is

using the same scale as Figure 6.5.

6.4.2.1 DOE Pilot Plant

For the DOE Pilot Plant, all the single cubic polynomial approximations \ere re-
placed with piecewise quadratic approximations, which resulted in th&llowing
SymBuilder object:

SymBuilder Object
BUILT in 2.858s with:
- 45 variables
- 1 objective
- 1 linear
- 0 quadratic
- 0 nonlinear
- 98 constraint(s)
- 57 linear
- 41 quadratic
- 0 nonlinear
- 90 bound(s)
- 12 integer variable(s)
- 0 integer
- 12 binary

As can be seen, the number of nonlinear constraints has decreafem 6 to 0, but
on the other hand, the total number of variables and constrainthave increased.
Compared to the NLP model in Chapter 5, the number of variables lsaincreased
by 24, including 12 binary variables, and the number of constraints eneased by
66. While the optimization formulation is technically a mixed-integer qudrati-
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cally constrained linear program (MIQCLP), it does consist oequality quadratic
constraints that are not supported by the mixed-integer quaditeally constrained
guadratic programming (MIQCQP) solvers, like CPLEX and GUROBI. Therefore,
an MINLP solver will need to be used to solve this optimization problemln addi-
tion, given that the model will also be optimized with respect to the sgci ¢ rotating

machinery cost, which is a nonlinear function, this optimization formiation will be

solved as a mixed-integer nonlinear program.

Optimizing the net output power of the new reformulated algebraic @ model
using three MINLP solvers, namely, BARON, SCIP and BONMIN, yieldd the opti-
mized results shown in Table 6.1. All three solvers managed to solvethptimization

Table 6.1: The optimized net output powers] [kW] and the solve times [s] of the
DOE Pilot Plant using piecewise approximations.

BARON SCIP BONMIN *
J Time J Time J Time

R600a 4555.4 1.34 45554 0.81 4555.4 0.069
R134a 2844.7 135 2844.7 0.95 2844.7 0.085
R152a 3350.2 1.24 3350.2 0.83 3350.2 0.084
R218 16979 144 16979 1.17 1625.7 0.099
R227ea 3360.3 1.42 3360.3 1.85 3217.9 0.082
RC270 3096.3 1.27 3096.3 0.86 3096.3 0.079
RC318 3891.8 2.38 3891.8 2.09 3852.0 0.075
CF3l 4028.6 125 4028.6 0.74 4028.6 0.087

*Obtained using outer approximation algorithm.

problem under a reasonable time of 2.4s, despite the larger numbéwariables and
constraints. On average, it took BARON around 1.46s and SCIP anad 1.16s to
nd a solution. Comparing these average solve times to their NLP coterparts
in Table 5.3, where on average BARON took around 2.95s and SCIP toaround
1.76s, it was observed that BARON and SCIP are 2x and 1.5x fastegspectively.

In contrast, BONMIN did not manage to solve faster than the blackbox NLP
solvers. On average, it took BONMIN 0.083s to nd a solution, whess it took
the NLP solvers (IPOPT, fmincon, and FILTERSD) collectively around 0.023s.
While this might seem unfavourable for the MINLP formulation, it is impatant to
note that the MINLP and NLP solvers use di erent strategies to nd the optimal
solution. Therefore, it is quite hard to compare the solvers' penfmance when
they are fundamentally di erent in terms of the underlying algorithm as one can
be innately more computationally expensive than the other even whesolving the
same optimization problem. This is di erent from the white-box solves that use
the spatial branch and bound algorithm in both formulations. It wold be more
appropriate to optimize the two formulations with several numbersf solvers of
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various algorithms and take the average solve time, instead of oneNWLP solver
(BONMIN) in this case. Furthermore, since the solve times are vergmall, it would
be more ideal to also solve larger and more complex ORC problems tduee the
in uence of the solvers' initial non-deterministic setup procedure to the overall
solve time. As such, these additional adjustments would give a bettview of the
optimization performance collectively. However, given the limited nuber of MINLP
solvers available in the OPTI Toolbox and the time and nancial consgints to
develop OPTI interfaces to other MINLP solvers, this investigatiorwas unable to
be carried out but will be left for future work. Therefore, for theremainder of
this chapter, BONMIN will only be presented to give the reader a ragh idea of the
optimization performance and solution of the MINLP formulations usg a black-box
solver, but it will not be assessed against the NLP solvers.

Taking the problem further and optimizing the plant with respect to he spe-
ci ¢ rotating machinery cost, the MINLP solvers obtained the folloving optimized
results shown in Table 6.2. As can be seen again, all the solvers masth¢p con-
verge to a solution with a reasonable solve time of less than 2.6s. Oremage, it
took BARON around 1.32s and SCIP around 1.80s to nd a solution. Qopared
to the NLP formulation in Table 5.5, the average solve time of BARON ah SCIP
were around 2.72s and 9.70s, respectively, which correspondshowt 2.1x and 5.4x
slower than this proposed MINLP formulation. In addition to the improvement in

Table 6.2: The optimized speci c rotating machinery costs) [k$/MW] and the
solve times [s] of the DOE Pilot Plant using piecewise approximations.

BARON SCIP BONMIN
J Time J Time J Time [s]

R600a 325.83 1.48 325.83 2.55 325.83 1.03
R134a 367.71 1.05 367.71 147 367.71 0.83
R152a 346.19 1.12 346.19 193 346.19 0.78
R218 478.16 148 478.16 197 478.60 0.91
R227ea 368.22 1.77 368.22 1.89 368.22 1.40
RC270 347.73 095 347.73 162 347.73 0.73
RC318 348.14 1.00 348.14 135 348.14 1.02
CF3l 340.00 1.72 340.00 1.60 340.00 1.23

the computational times, the average number of nodes neededsmlve the MINLP
formulation using the white-box solvers was signi cantly less than # NLP formu-
lation in Chapter 5, as shown in Table 6.3. This illustrates that the MINIP model
with only linear and quadratic constraints can be much more e cient ad faster to
solve using white-box solvers than its equivalent NLP counterparhiat has nonlinear
constraints.

Note that some of the optimized solutions in both Table 6.1 and Table 6.&e

155



Table 6.3: The average number of nodes needed for the white-bokers to optimize
the NLP and MINLP formulations of the DOE Pilot Plant.

BARON SCIP
NLP MINLP NLP MINLP
Net Output Power 788 2 255 106
Speci ¢ Rotating Machinery Cost 867 6 1654 472

slightly di erent from their NLP solution counterparts due to the implementation of
the pwfit approximations, instead of the single t approximations. As a resultthe
average discrepancies between the SM model and the optimized bigec EO model
had slightly improved by around 0.02 percentage point, as shown in Gie 6.4.

Table 6.4: The average relative errors between the optimized algalor EO model
and the SM model of the DOE Pilot Plant using the white-box solvers.

NLP  MINLP

Net Output Power 0.40%  0.38%
Speci ¢ Rotating Machinery Cost 0.17%  0.15%

6.4.2.2 USGeo Plant

For the USGeo Plant, only the turbine regressions were replaced Wwithe piecewise
t approximations. This resulted in the following SymBuilder object:

SymBuilder Object
BUILT in 1.957s with:
- 37 variables
1 objective
- 1 linear
- 0 quadratic
- 0 nonlinear
68 constraint(s)
- 25 linear
- 43 quadratic
- 0 nonlinear
74 bound(s)
5 integer variable(s)
- 0 integer
- 5 binary

Similar to the DOEP model, the new USGP formulation has no nonlinear ostraints
but a higher number of variables and constraints than the NLP forodation. In total,

the number of variables has increased by 10 with 5 of them being bigarariables,
and the number of constraints has increased by 26.
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Optimizing the net output power of the new USGP formulation, the MNLP
solvers obtained the following solutions and solve times shown in Tabl&6As can

Table 6.5: The optimized net output powers] [kW] and the solve times [s] of the
USGeo Plant using piecewise approximations.

BARON SCIP BONMIN
J Time J Time J Time

R60l1a 14311.1 1.45 143111 2.23 14311.1 0.46
R245ca 12842.9 1.19 128429 1.59 128429 0.38
R245fa 108529 1.42 10852.9 1.09 10852.9 0.39
C5F12 116294 1.08 116294 0.96 116294 0.42

be observed, all the solvers managed to converged a solution witlda for all the
working uids. On average, it took BARON around 1.28s and SCIP amnnd 1.47s
to nd a solution. This is about 3.8x and 6.5x faster than the NLP fornulation,
where the average solve time of BARON and SCIP were around 4.92%1&9.53s,
respectively.

The same conclusion can also be observed from optimizing the specbtating
machinery cost of the plant. As shown in Table 6.6, the average soltene of
BARON was around 0.80s and SCIP was around 0.85s. Consequeritys is about
1.5x and 7.8x faster than the NLP formulation, where the averageolse time of
BARON and SCIP were around 1.19s and 6.62s, respectively.

Table 6.6: The optimized speci c rotating machinery costs) [k$/MW] and the
solve times [s] of the USGeo Plant using piecewise approximations.

BARON SCIP BONMIN
J Time J Time J Time

R60l1a 213.80 0.94 213.80 0.94 213.80 0.29
R245ca 215.37 0.62 21537 0.83 21537 0.24
R245fa 226.71 0.96 226.71 0.98 226.71 0.16
C5F12 216.19 0.66 216.19 0.66 216.19 0.25

In addition, similar to the DOE Pilot Plant, the average number of nods needed
to solve the MINLP formulation was signi cantly smaller than the NLP @unter-
part in Chapter 5, as shown in Table 6.7. Furthermore, along with immving the
performance of the optimization, the accuracy of the algebraic E@odel was not
compromised and improved slightly by up to 0.11 percentage point, &own in
Table 6.8.
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Table 6.7: The average number of nodes needed for the white-bokers to optimize
the NLP and MINLP formulations of the USGeo Plant.

BARON SCIP
NLP MINLP NLP MINLP
Net Output Power 875 5 7324 138
Speci ¢ Rotating Machinery Cost 14 4 1548 244

Table 6.8: The average relative errors between the optimized algalor EO model
and the SM model of the USGeo Plant using the white-box solvers.

NLP  MINLP

Net Output Power 0.15%  0.04%
Speci ¢ Rotating Machinery Cost 0.03%  0.03%

6.4.2.3 Magmamax Binary Power Plant

The Magmamax Binary Power Plant had the most nonlinear constraist out of all
the ORC plants, thus this resulted in a higher number of variables andonstraints
than the previous two plants when the piecewise t approximations are imple-
mented. Using the SymBuilder framework, the new MBPP formulatiomesulted in
the following object:

SymBuilder Object
BUILT in 4.817s with:
- 68 variables
1 objective
- 1 linear
- 0 quadratic
- 0 nonlinear
153 constraint(s)
- 83 linear
- 70 quadratic
- 0 nonlinear
136 bound(s)
21 integer variable(s)
- 0 integer
- 21 binary

where the number of nonlinear constraints has decreased from®Q, but the total
number of variables and constraints have increased by 42 and lidspectively.

Optimizing the net output power of the plant using the new formulatio, the
MINLP solvers obtained the following optimized results shown in Table.8. Similar
to the NLP formulation, both BARON and SCIP managed to nd a soluton for all
the working uid pairs within the solve time limit of 1 hour. Likewise, BONMIN also
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managed to solve for all the working uid pairs but converged to a lat optimum
for one of the cases.

Table 6.9: The optimized net output powers [KW] of the Magmamax Bing Power
Plant using piecewise approximations.

LP Cycle
R290 R32 R143a

R600a 9625.3 9157.3 9268.9
R236ea 9641.8 9205.3 9310.9*
R236fa 9282.5 8766.6 8890.4
RC318 8553.8 7854.8 8027.1

*BONMIN: 9308.2 kW

HP Cycle

As shown in Table 6.10, it took BARON and SCIP on average around 584nd
11.43s, respectively, to nd a solution, which is around 27x and 3xdter than using
the NLP formulation. This is a signi cant improvement in the performance for the
white-box solvers.

Table 6.10: The solve times [s] of Table 6.9.

LP Cycle
R290 R32 R143a
R600a 4.84 330 7.1

Z
O R236ea 4.19 519 870
< R236fa 3.85 3.85 7.39
M RC318 545 3.22 6.59
P R600a 4.61 6.38 8.35
S % R236ea 22.61 6.48 11.46
O % R236fa 6.45 21.26 10.36
o RC318 24.93 4.47 977
—~ R600a 7.44 503 7.18
S R236ea 7.08 453 8.95
g R236fa 7.68 5.30 6.39
M RC318 801 548 6.58

Taking the optimization problem further and optimizing the specic rdating
machinery cost of the plant, the MINLP solvers obtained the followig optimized
results in Table 6.11 and the solve times in Table 6.12. Both white-box Igers
managed to converge to a solution for all the working uid pairs withirthe maximum
solve time limit of 1 hour, as opposed to the NLP formulation. The optimzation
time of BARON and SCIP is on average 5.96s and 7.02s, respectivelyich is
around 70x and 85x faster than the NLP formulation. In addition, bey required
less number of nodes to solve the MINLP formulation than the NLP fenulation
for both objective functions, as shown in Table 6.13. Furthermoydor the second
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objective function, BONMIN also managed to converge the samelstion as the
white-box solver for all the working uid pairs.

Table 6.11: The optimized speci ¢ rotating machinery costs [k$/MW] bthe Mag-
mamax Binary Power Plant using piecewise approximations.

LP Cycle
R290 R32 R143a

R600a 252.99 247.02 252.96
R236ea 247.66 241.15 247.36
R236fa 257.24 251.13 257.67
RC318 276.88 273.05 280.02

HP Cycle

Generally speaking, it is possible for an optimization problem to have methan
one global optimum, i.e., the ORC can output the same global solutiort &wo or
more di erent operating points. Therefore, it is not impossible for bth BARON
and SCIP to nd a global solution but at a di erent operating point from each
other, such as at a di erent enthalpy and pressure level. Consegntly, when the
optimized solutions of the algebraic EO model are entered into the Siodel, there
is a possibility that there could be a slight di erence between the globaolutions
because the errors of the regressions are not constant ovee #pproximated range.

Table 6.12: The solve times [s] of Table 6.11.

LP Cycle
R290 R32 R143a

R600a 5.29 220 3.99

CZ) R236ea 5.97 1.85 4.20
X R236fa 1577 535 11.82
@ RC318 931 4.73 10.28
o R600a 4.09 3.36 6.07
© T R236ea 435 251 463
O ¢» R236fa 1880 7.77 9.17
o RC318 6.74 878 7.92
—~ R600a 3.18 2.36 4.43
S R236ea 239 289 262
g R236fa 4.62 5.86 6.32
m RC318 437 376 5.25

Given that the accuracy of the NLP formulation of the MBPP is alreag con-
siderably small due to the use of high order polynomial function tsthere is not
a signi cant improvement in the accuracy of the MINLP formulation, as shown
in Table 6.14. However, this illustrates that the piecewise t approximation can
signi cantly improve the optimization performance without compromsing on the
accuracy of the model.
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Table 6.13: The average number of nodes needed for the white-lsmvers to opti-
mize the NLP and MINLP formulations of the Magmamax Binary Power fRant. This
table only considers the working uid pairs that were solved in both fanulations.

BARON SCIP
NLP MINLP NLP MINLP
Net Output Power 23927 22 11066 3286

Speci ¢ Rotating Machinery Cost 54270 165 443728 2121

Table 6.14: The average relative errors between the optimized algaic EO model
and the SM model of the Magmamax Binary Power Plant using the whitbox
solvers. This table only considers the working uid pairs that are sobd in both
NLP and MINLP formulations.

BARON SCIP
NLP  MINLP NLP  MINLP
Net Output Power 0.05% 0.04% 0.05% 0.04%

Speci ¢ Rotating Machinery Cost <0.01% 0.01% <0.01% 0.01%

6.5 Investigating the E ect of the Working Fluid
Mixtures

In addition to optimizing the ORC system with respect to pure workinguids, the
algebraic EO model can be used to investigate the e ect of the wanky uid mixtures
and the composition ratio that will output the best performance. This investigation
illustrates one of the contributions of the proposed modelling appach where the
optimization problem can be extended further to e ciently exploit the existing ther-
modynamic data of di erent mixtures that are readily available in REFFROP and
other thermodynamic packages. This adds another dimension toeloptimization
problem and allows the practitioners to explore this non-trivial mixtue analysis of
the ORC system without making any major changes to the model.

This study can be carried out very e ciently using the MINLP formulation
given the improvement in the optimization performance from utilizing gecewise t
approximations. In order to demonstrate this contribution, the ODE Pilot Plant was
used as an example to show the e ect of di erent mixtures and therompositions on
the net output power. As will be shown later in this section, the propsed MINLP
model presented in this chapter allows a large ORC system to be optred 215
times within a reasonable computational time frame. The investigatio presented
in this section exclusively considers the e ect of the working uid mixtires on the
plant's net output power, and not the cost, environmental impactsafety, and other
aspects of the working uid mixtures as they are outside the scop# this research
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and are subjective to the location and build of the plant.

For this optimization problem, the selected working uid mixtures cosisted of
two working uids where the composition ratio was increased by 5% irements
from 0% to 100%, and the optimization problem was solved at every menent us-
ing BARON. Given that mixtures change phase at variable temperates, di erent
from the pure uids that condense and evaporate at a constantemperature, the
pressure value at the condenser's outlet was calculated using tlausated enthalpy
and entropy value at 311.48K. This is to address the issue with JStaeathat out-
puts the saturated vapour pressure value by default (see Figuée7), instead of the
saturated liquid pressure, when the temperature value is used ditly in the ther-
modynamic routine (i.e, JSteamMEX('PsatmT',mixture,311.48) ). Consequently,
the optimized results for the pure uids in the tables below will be slighy di erent
from what is stated in the previous section as there is a slight di ere@ between
the condenser's outlet pressure.

380

Ts Diagram : R600a [0.6] : R134a [0.4]

370
360

350 F

w

i

o
T

Required

saturation point
JSteam calculates

this point

Temperature [K]
w
w
o

w
N
o

w
g
o

300 F / / 8.0403 bar

290 F

1 12 14 1.6 1.8 2 2.2
Entropy [kJ/(kg.K)]

Figure 6.7: The Ts diagram of a mixture with 60% R600a and 40% R134ahere
the mixture evaporates and condenses at variable temperatures

Table 6.15 shows the maximum optimal net output powers of the DOERor

di erent mixtures, where the composition of one of the uids, namly, the ones
stated in the column, was changed from 0% to 100%. The compositioh each
mixture that corresponds to the highest net output power is shawin Table 6.16.
Interestingly, most of the mixtures did not obtain a higher net outpit power than

the pure uid. While the composition of the mixtures did a ect the net output

power of the plant, the highest net output power for most mixture was obtained
when the composition of one of the uids was either 0% or 100%. Out all the 10
mixtures that were investigated, only one yielded a higher net outpyower than

its pure uid components, namely, RC318 and CF3l.
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Table 6.15: The maximum optimal net output powers [kW] of the DOE PiloPlant
that were obtained from varying the composition of the column uid fom 0% to
100%, where the optimization problem was solved using BARON.

R600a R134a RC270 RC318 CFa3l
R600a 4541.31 4541.31 4541.31 4541.31 4541.31

R134a 2831.00 3090.13 3863.23 3993.12
RC270 3090.13 3863.23 3993.12
RC318 3863.23 4004.22
CF3lI 3993.12

Table 6.16: The composition of each mixture that obtained the higheset output
power. The ratio number on the left and right associates with the m and column
uid, respectively. For example 15%:85% means 15% RC318 and 85%3CF

R600a R134a RC270 RC318 CF3l
R600a  100% 100%:0% 100%:0% 100%:0% 100%:0%

R134a 100%  0%:100% 0%:100% 0%:100%
RC270 100%  0%:100% 0%:100%
RC318 100%  15%:85%
CF3lI 100%

Figure 6.8 shows the trendline of the optimized net output powers dse com-
position of one uid in the mixture changes from 0% to 100%. Evident)ya di erent
composition ratio results in a di erent output power, and the trendine is not the
same for every mixture. There are two types of correlations thatan be observed
from changing the composition of the mixtures. First, some of theréndlines re-
semble a linear correlation, as shown by R600a:RC270, and RC270:Ckaere the
net output power either decreases or increases as the mixturemgmsition changes
from 0% to 100%. Second, some of the trendlines resemble a coacavrelation, as
shown by R600a:R134a and RC318:CF3l, where there is a minimum orXmaum
net output power at a speci c composition ratio as the mixture shiftrom one pure
uid to another.

The total build time for this optimization problem was 300.09s and thedtal
solve time was 287.73s. This is very impressive given that in total theemvere 215
optimization problems that were solved, where 210 were for mixtwseand 5 were
for pure uids. Furthermore, the optimization problems were solveé using BARON,
thus the overall solve time would be even faster if a derivative-bas& INLP solver
was used.

A major limitation associated with this study depends on the accurgcand un-
certainty of REFPROP to reliably calculate the thermodynamic propedies of the
working uid mixtures. While REFPROP is developed by the National Ingitute of
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791

Figure 6.8: The trendline of the optimized net output powers of the DE Pilot Plant subjected to di erent mixture composition ratios. The
abscissa indicates the percentage of the working uid of that colum



Standards and Technology (NIST), and based on the most accteanodels available
for pure uids and mixtures, it is not perfect and can cause issuesrfthe optimiza-
tion problem. It is stated in the REFPROP manual (version 9.1) that \certain
calculations, especially saturation calculations, may fail without gemating warn-
ings" [35], thus in some cases the optimization problem might fail as tlemthalpy or
pressure cannot be calculated. This is the reason why the numbédraorking uids
for the DOEP was reduced from 9 to 5 because REFPROP failed to calate the
required thermodynamic properties for the corresponding mixtes.

It is important to again highlight that there is no one best working uid that
can meet all the criteria of an ORC system and some compromises @awo be
made, and this undoubtedly extends to mixtures. Furthermore,igen the possible
number of uids that can be used in a mixture and the variation in the omposition,
selecting the optimal mixture is not a trivial task and will have to rely o an e cient
optimization approach, like the one proposed in this thesis, to invegate di erent
combinations within a manageable time frame.

6.6 Summary

This chapter details the implementation of the piecewise t approxim@on in or-

der to improve the accuracy of the algebraic EO model and the permance of
certain white-box solvers. The piecewise t algorithmpwfit and the optimization

formulation were discussed and implemented in MATLAB using the obgé-oriented

approach. With the proposedpwfit class, both univariate and bivariate functions
can be approximated using generic polynomial functions. The availebt models

are listed in Appendix C. In order to further improve the accuracy fbthe regression,
the breakpoints can be speci ed manually by the user or they can loptimized us-
ing a built-in feature that aims to minimize the total SSE value. Thus, kis can
help reduce the order of the polynomial ts, reduce the overall maber of curve/-

surface ts, and decrease the complexity of the optimization prdém by lowering
the number of auxiliary variables and constraints.

All three ORC systems in Chapter 5 were reformulated using the piewise t
approximation and optimized using three MINLP solvers, namely, BARN, SCIP,
and BONMIN. As a result, this converted the optimization problem fom an NLP
problem to an MINLP problem due to the introduction of binary variades. While
the new formulations had more variables and constraints, the owl nonlinearity
of the optimization problem was decreased by using a lower order pdymial t
without compromising on the accuracy of the model. From the optimed results, it
was found that the performance of the white-box solvers had impred signi cantly
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from the NLP formulation counterparts, especially for the Magmaiax Binary Power
Plant. Leveraging o the excellent performance of the white-boxatvers using this
formulation, the model of the DOE Pilot Plant was optimized with respet to dif-

ferent mixtures and compositions using BARON. The results showetiat in most

cases the pure uids yielded a better result than the mixtures. Fahermore, some
mixtures had a linear correlation between the composition ratio andhe optimal

solution, while others resembled a concave correlation.

The following chapter will build on the implementation of the piecewise tap-
proximation and extend it to consider piecewise linear t approximatia. The in-
centive is to investigate if the performance of the white-box solvercan be further
improved by using a mixed-integer linear programming (MILP) formulgon. In ad-
dition, there are more MILP solvers than there are MINLP solversthus providing
an alternative method and the tools to model the ORC systems or leér optimiza-

tion problems outside this research would be bene cial for cases avhthe NLP or
MINLP solvers fail.
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Chapter 7

Mixed-Integer Linear
Programming Formulation

This chapter will discuss the implementation of various linear and intesg program-
ming techniques that converts a nonlinear programming (NLP) modieto an equiv-

alent mixed-integer linear programming (MILP) model. The key incenve of this

chapter is to investigate the performance of the MILP formulatiorcompared to the
NLP and MINLP formulation, and also to provide an alternative modellirg approach
for ORC systems that can exploit the availability of MILP solvers. Thechapter will

start with a detailed description of the MILP formulation modelling pracedure that
implements piecewise linear approximations and di erent linear and ingger pro-
gramming techniques. This will be applied rst to a simple optimization poblem
and then later to the Magmamax Binary Power Plant of Section 4.4.1. dstly,

the complexity and the optimized results of the MILP model will be disessed and
compared to the NLP and MINLP counterpart in Chapters 5 and 6.

7.1 Introduction

Often one type of optimization formulation can be more advantages than the oth-
ers due to nancial constraints, compatibility issues with the modellig software,
the availability of optimization solvers and/or the importance of estalishing global
optimality. Therefore, practitioners invest a considerable amounbf time reformu-
lating their optimization problem into another equivalent formulation in order to
achieve better practical or optimization performance, as shown {131, 132]. His-
torically, the availability and computational e ciency of linear programming (LP)

solvers, or even mixed-integer linear programming solvers, werersigantly better

than some nonlinear programming solvers, which was a key incentivereformulate
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nonlinear optimization problems to LPs or MILPs.

In general, it can be very di cult to predict if the nonlinear solver will converge
to a solution, especially with highly nonlinear and complex problems. This evi-
dent in Section 5.4 where the global solvers (namely, BARON and SQlRiiled to
nd a solution for most the MBPP's working uid pairs within the optimiza tion
time limit of one hour. Therefore, it would be bene cial to provide an Herna-
tive modelling approach for ORC systems in replacement of the NLP drMINLP
models and potentially improve the optimization performance. Howey, given the
recent advancement in nonlinear optimization algorithms and the imprvement in
optimization modelling platforms and computational performance aflesktop hard-
ware, it is questionable if there are now su cient compelling advantags for certain
real-world nonlinear chemical process systems to be completelyorefiulated into
LPs or MILPs.

In order to formulate the MILP model, the thermodynamic properies, the unit
operations and the bilinear terms in the energy balance equationseteto be re-
gressed using piecewise linear approximations in conjunction with limeand integer
programming techniques. This inevitably will introduce additional autiary binary
and continuous variables and constraints that will need to be incograted into the
optimization problem. This chapter also aims to compare the compuianal advan-
tages and disadvantages of linear and nonlinear formulations, anddioate if it is
advisable to formulate linear models for real-world ORC systems.

7.2 Mixed-Integer Linear Programming Formula-
tion Procedure

The following subsections will discuss the implementation of linear andt@ger pro-
gramming techniques in order to convert the NLP model into an equalent MILP

model. This assumes that the NLP model is formulated using the mdteg ap-
proach discussed in Chapter 3. While this chapter focuses on thengersion from
NLP to MILP model, the same concept would also be applicable to the MLP
models in Chapter 6. In addition, all the functions in this proposed MIP formula-
tion are algebraic and provided explicitly to the solvers, thus they wilbe compatible
with global solvers that can deterministically nd the global solution. However, it
is important to note the accuracy of the MILP will likely to be compronised due to
the linear approximations. While the accuracy can be improved by ineasing the
number of piecewise breakpoints, this can add extra complexity bytiroducing more
additional auxiliary variables and constraints that can make the prolem di cult

168



to solve and troubleshoot.

7.2.1 Nonlinear Term Approximations

All the nonlinear terms in the NLP model will need to be identi ed and ajprox-
imated using linear approximations. For this research, these nonli@eterms are
mainly the thermodynamic routines, unit operation processes, anmbst functions.
While it is possible to use a piecewise linear t to approximate the thermdynamics
and unit operations via pwfit , the errors can become too large in some cases for
bivariate functions and cause a degrading concern to the model'scatacy. This

is becausepwfit can only divide the breakpoints of the piecewise function along
one of the axis and not both at the same time. Therefore, in ordeotaddress this
iIssue, an alternative method is needed for the MILP formulation. Gnof the best
piecewise linear approximations is the Triangle Method described in [128

A comparison between thegwfit method and the Triangle Method shows that
the errors are signi cantly less for the Triangle Method, as shown ithe error plots of
Figure 7.1 and Figure 7.2. In addition, the sum of squared errors (Ephas decreased
from 22.9 to 13.2 from implementing the Triangle Method. However, thdrawback
with the Triangle Method is the number of auxiliary variables (both binay and
continuous) and constraints are higher than thewfit method for the same number
of breakpoints along the x-axis. Therefore, the Triangle Method iwonly be used
to approximate the nonlinear terms that cannot be accurately appximated using
the pwfit approach.

The Triangle Method can be incorporated into the optimization proble using
the following formulation:

X
if (xiy) =1
i=1 j=1
.
i Xi = X,
i=1 j=1 (71)
iy =Y
i=1 j=1
X
i =1; i 2 [0;1];
i=1 j=1

where j is the auxiliary variable associated with each breakpoint (i.e., the 16 ldk
dots in the top plot of Figure 7.2),x; is the xed breakpoint value along the x-axis,
y; is the xed breakpoint value along the y-axis,f’\ is the approximated value of
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Figure 7.1: Approximating the turbine isentropic work of the Basara ORC sys-
tem using thepwfit approach with linear surface ts, where the working uid was
R227ea.

the nonlinear function evaluation at pointx and y, and f (x;;y;) is the function
evaluation at the breakpointsx; andy;. For the above formulation to work, the j
variables need to be de ned as special order set type 3 (SOS3)iahbtes, thus at
most three adjacent j variables can be nonzero. This can be enforced using the
following constraints:

X1ix1

(B + 6y)=1;

i=1 j=1

i By + Hij + B 1+ of 1 1+t By 1t o} 1 s (7.2)

i=11;23;::;ng;

] = 11,23, mg;

wherelff and dj are the binary variables associated with the upper and lower tri-
angle, respectively, and the variableb, , b o, b, , andb ., are set to zero.

Conversely, for the nonlinear univariate functions, such as the ¢éhmodynamic
properties of the working uid shown in Figure 7.3, they will be approxnated using
the pwfit method. This is because the accuracy of the approximations is geally
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Figure 7.2: Approximating the turbine isentropic work of the Basama ORC system
using the Triangle Method, where the working uid was R227ea.

su cient for the purpose of this research.

7.2.2 Bilinear Term Approximation

Once all the nonlinear functions have been approximated using theidngle Method

or the pwfit approach, there will be bilinear terms remaining in the optimization
problems that are mainly the products of the mass and enthalpy ter in the energy
balance equations. Since some of the bilinear terms are nonsep&dibnctions, they

need to be converted into a separable function as follows:

Ma1har = Y12 Y22; (7.3)
where

1
Y1 = é(mAl + ha1);
(7.4)

1
Y2 = E(mAl ha1):
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If lm, Ma1  Um, andl,,, har up,, bothy; andy, are bounded as

1 1

é(lm/-\l + |hAl) Y1 é(um/-\l + uhAl);

1 1 (7.5)
E(lmAl uhAl) Y2 é(umAl |hA1):

Once the bilinear term is converted into the form shown in (7.3), theeparable
terms (i.e., y;? and y,?) can be approximated using the -Formulation [127, 128]
(see Figure 7.4) as follows:

xXn
f(xi)= 1
i=1
xXo
iXi = X; (7.6)
xXo
i =1; i 2 [0;1];

wheref" is the approximated value of the separable term evaluation at, f (x;) is
the separable term function evaluation at the breakpoink;, and ; is the auxiliary
variable that need to de ned as a special order set type 2 (SOS2)his can be
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enforced as follows:

i=1 (7.7)
i b1t h; i =f1,2,3::5ng;

where y is the binary variable associated with the interval between two adgent
breakpoints, and the variablesy and l, are set to zero. The -Formulation (7.6) can
be viewed as the two-dimensional space of the Triangle Method faxfation given
the similarities between the two formulations.
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Figure 7.4: Piecewise linear approximation of,? and y,? in (7.3) using the -
Formulation.

In general, a product of two variables can be replaced with one vabla by equat-
ing/constraining the two approximated separable terms to a new gyte variable, i.e.,
x=1f1 f5 yi2 2 thus this methodology can easily be extended to products
of more than two terms. However, it is important to note that the a&curacy of the
overall approximation will decrease as the number of variables inases.

7.2.3 Fractional Objective Function

For optimization problems dealing with the rate of return, productivty ratios, and
economic analysis, the objective function is usually a fractional ter, which is a
nonlinear function even if it is a ratio of two linear terms. In order to onvert the
model into a regular linear model, the Charnes-Cooper transfortian [25] can be
implemented, provided that both the numerator, denominator, ad constraints are
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all linear terms. However, since there are binary variables in the grosed ORC
models due to the piecewise t approximations, the Glover's linearizetn scheme
[24] needs to also be incorporated into the optimization problem.

If all the nonlinear terms have been linearized up to this point, the dpnization
problem should be
a’x+b’y+c
d>x+ey+f
st: Gx + Hy  k;

min

7.8
GegX + Heqy = Keg; (7.8)
X 2R,
y 2f0;1g;
whered”x + e’y + f > 0. If a new variablet is introduced and equated to
1
t= (7.9)

d>x+ey+f’
the fractional linear optimization problem in (7.8) can be written in tems oft as

min a’xt+ b7yt + ct

st: Gxt+ Hyt Kt
GegXt + Hegyt = Kegl;
d>xt+ e yt+ ft =1;
xt2 R;
y 2f0;1g;

(7.10)

to eliminate the fractional term. If xt can be rewritten asz = xt, and yt can be
linearized using the Glover's linearization scheme for each binary vabsia as

Vi uyi,
Vi
' (7.11)
vi t ou(l vy);
v, O
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the optimization problem in (7.10) can be reformulated as

min az+ b v+ ct
Sit: Gz + Hv  kt;
GeqZ + HeqV = Keg;

dz+ev+ft =1;

Vi uyj,

vi (7.12)
vi t ul vy);

v, O

z2 R;

y 210;1g;

i=11;23;::;ng;

wherev = [vy; Vo; 5 Va7, U is the upper bound oft, and n is the number of binary
variables.

This MILP formulation was implemented in [133] that had the following tke
objective function:

J = Pret : (7.13)

Mcw + in:1 Mwer ;i
where W, is the net output power of the plant, i.e., total turbine work minus tdal

pump work, mey is the cooling water mass ow, andnyr is the working uid mass
ow.

7.2.4 Automating the Conversion from NLP to MILP

The linearization formulations described in the previous subsectiorean be very
tedious and time-consuming to implement on large and complex ORC sys1s. Thus
it is more e cient to automate the procedure and build the MILP modd from an
existing NLP model. As a result, a function callecconv2milp was constructed in
MATLAB to automatically convert a SymBuilder NLP model into an equivalent
MILP model. The conv2milp algorithm that was developed for this research is
given in Algorithm 1.
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Algorithm 1:  The algorithm of the conv2milp function that automatically
converts an NLP SymBuilder object to an equivalent MILP SymBuilder

object.
Check that the user entered an NLP SymBuilder object.

Extract and store the required NLP information, such as constiats,
expressions, objective function, etc.
Create a new SymBuilder object/template for the MILP model.

if user entered piecewise linear t approximationghen
replace the equivalent nonlinear functions with the piecewise linear t

approximations.

—h
I

or all the constraints and objective function termslo
identify and replace bilinear terms with their equivalent linear

approximations.
Add the old and new linear constraints, expressions, objective fction

terms, constants, and bounds to the new SymBuilder object.
Build the new SymBuilder object.

if the new SymBuilder model has a fractional objective funatidhen
L apply the Charne-Cooper transformation and the Glover's linearizian

scheme. Rebuilt the new SymBuilder object.
Output the MILP SymBuilder object.

For a simple example, consider the following nonlinear program:

min 0:5x2+0:5x5+0:5x3  2x; 33Xy X3

sit: X1+ €24+ Xg+ X4 2
X 2, X3 L (7.14)
X1 Xo+2X%X, 1,
0 x 2

which has a quadratic objective function that is subjected to twoonlinear inequality
constraints and one linear inequality constraint. The problem can bleuilt using the
SymBuilder framework as follows:

% New SymBuilder object
nlp = SymBuilder();

% Add objective
nlp.AddObj( "0.5*x1"2 + 0.5*x272 + 0.5*x3"2 - 2*x1 - 3*x2 - x3' );

% Nonlinear expressions
nlp.AddExpression( "fx3
nip.AddExpression( "fx2

x3"3' );
exp(x2) );

% Add constraints
nip.AddCon( 'x1 + fx2 + x3 + x4 <= 2');
nip.AddCon( "3*x1 - 2*x2 - 3*x3 <= 1" ),
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nip.AddCon( 'x1 - 3*x2 + 2*x2 <= 1" );

% Add bounds
nip.AddBound('0 <= x <= 2');

% Build SymBuilder object
Build(nlp)

This resulted in the following model statistics:

SymBuilder Object
BUILT in 0.068s with:
- 4 variables
1 objective
- 0 linear
- 1 quadratic
- 0 nonlinear
3 constraint(s)
- 1 linear
- 0 quadratic
- 2 nonlinear
8 bound(s)
0 integer variable(s)

Solving the NLP formulation of (7.14) using SCIP, the solver conveegl to -2.0196
for the objective function within 0.0234s that resulted inx; = 0.4079,x, = 0.4651,
X3 =0, and x4 = 0. Leveraging o the SymBuilder framework, the NLP formulation
can be converted into an equivalent MILP formulation as follows:

%% MILP model

% Approximating the nonlinear expressions using piecewise linear fit
x = linspace(0,2,20);

fX2Fit = pwfit(x,exp(x), ‘polyl" \linspace(0,2,5), “optimized' );
fx3Fit = pwfit(x,x."3, ‘polyl" \linspace(0,2,5), “optimized' );

% Compiling the piecewise linear fit objects
pwfitObj = { “x2(x2)" ,fx2Fit; “fx3(x3)" ,fx3Fit};

% Bilinear term approximation settings

pwOptions = pwset( allTerms' ,... %apply to all bilinear terms
‘drawPlot' |, off* ,...  %don't plot regression

‘numBreakpoint' ,5); %number of breakpoints

% Convert NLP to MILP
milp = conv2milp(nlp, “pwfitObj' ,pwfitObj, “pwsetOpts' ,pwOptions);

where the two nonlinear terms (i.e.x3 and e2) need to be explicitly approximated
using piecewise linear t before it can be entered intconv2milp. As a result, the
SymBuilder object of the MILP formulation reported the following satistics:

SymBuilder Object
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BUILT in 1.319s with:
- 50 variables
1 objective
- 1 linear
- 0 quadratic
- 0 nonlinear
68 constraint(s)
- 68 linear
- 0 quadratic
- 0 nonlinear
100 bound(s)
20 integer variable(s)
- 0 integer
- 20 binary

Noticeably, the number of variables and constraints of the MILP fonulation in-
creased dramatically from the NLP counterpart due to the implemeation of linear
and integer programming techniques discussed in the previous sedtsons. Opti-
mizing the MILP formulation using SCIP, the solver converged to -2961 for the
objective function within 0.036s that resulted inx; = 0.3978,x, = 0.4945,x3 =0
and x4 = 0. Evidently, the optimal result of the MILP formulation is close to the
NLP result with minor di erences due to the approximations made to e nonlinear
and bilinear terms.

7.3 The MILP Formulation of the Magmamax Bi-
nary Power Plant

From the previous chapter, the Magamax Binary Power Plant MINLPmodel had
the highest average solve time out of all three ORC systems. Théyee, the MBPP
model was used as the case study for this chapter to see if a refalation would help
improve the optimization performance. Utilizing the SymBuilder frame/ork struc-
ture of the NLP formulation, the MILP formulation of the MBPP was constructed
as follows:

%% Building the MILP formulation of the Magmamax Binary Power Plant
% Compiling the piecewise linear fit objects
pwfitObj = {...

‘turbAlsenWork(PA,hA1)" linTurbAlsenWorkFit;
“turbBlsenWork(PB,hB1)" ,linTurbBlsenWorkFit;
"HMPTCcA(PA)inHMTCcAFit;
"HMPTALUbA(PA)INnHMPTALUbAFIt;
"HMPTALLbA(PA)linHMPTALLbAFit;
"HsatVapB(PB)' ,linHsatVapBFit;

"HsatLigB(PB)' ,linHsatLigBFit;
"HmPTB1UbB(PB)inHMPTB1UbBFit;
"HmPTB1LbB(PB)linHMPTB1LbBFit;
"TAL(PA,hAL)" linTALFit;
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‘TA2(hA2)' linTA2A3Fit;
‘TA2P(hA2P)' linTA2A3Fit;
‘TA3(hA3)' ,linTA2A3Fit;
“TA5(PA,hA5) linTASFit;
“TA7(PA,hA7) linTAT7Fit;
‘“TB1(PB,hB1) linTB1Fit;
‘TB2(hB2)' ,linTB2Fit;
‘“TB4(PB,hB4)' ,linTB4Fit;
“TB5(PB)' ,linTB5Fit;
‘TB5P(PB)' ,linTB5Fit;
"CturbA(WturbA)' ,CturbAFit;
"CturbB(WturbB)' ,CturbBFit;
"CpumpA(WpumpALpumpAFit;
"CpumpB(WpumpBYpumpBFit};

% Bilinear term approximation settings

pwOptions = pwset( allTerms' ,... %apply to all bilinear terms
‘drawPlot' |, "off' ,... %don't plot regressions
‘numBreakpoint' ,10); %number of breakpoints

% Convert NLP to MILP
milpMBPP = conv2milp(eoMBPPpwfitObj' ,pwfitObj, “pwsetOpts' ,pwOptions);

where the objective function was the net output power. This resied a linear
optimization problem as a SymBuilder object that consisted of

SymBuilder Obiject
BUILT in 281.574s with:
- 1064 variables
- 1 objective
- 1 linear
- 0 quadratic
- 0 nonlinear
999 constraint(s)
- 999 linear
- 0 quadratic
- 0 nonlinear
2128 bound(s)
498 integer variable(s)
- 0 integer
- 498 binary

Evidently, compared to the MINLP formulation, the number of binay variables had
increased signi cantly from 21 to 498 due to the implementation of # piecewise
linear approximation on both the nonlinear and bilinear terms. Consegntly, this

resulted in an increase in the total number of variables and consinés by 996 and
846, respectively.

The optimized net output powers of the MILP model using BARON, S@,
CPLEX, intlinprog , and GUROBI are shown in Table 7.1. These solvers were
selected based on their availability for academic use and their comgality with
OPTI and MATLAB. One noticeable observation is that all the solversconverged
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successfully to a solution for every working uid combination. Pleaseefer to Ta-
ble 5.14 for the optimized net output powers of the NLP formulationand Table 6.9
for the optimized net output powers of the MINLP formulation.

Table 7.1: The optimized net output powers [KW] of the Magmamax Bing Power
Plant's MILP model.

LP Cycle
R290 R32 R143a

R600a 9616.3 9153.5 9270.6
R236ea 9645.00 9199.1 9312.3
R236fa 9259.9 8767.1 8893.3
RC318 85454 7834.8 8027.3

dintlinprog  : 9311.7 kW
PCPLEX and intlinprog : 9644.8 kW

HP Cycle

In two scenarios, the black-box solvers, nameltlinprog and CPLEX, found
a local optimum as opposed to the global optimum, which is sometimespected as
they cannot guarantee the global solution.

Analysing the solve times of the solvers in Table 7.2 showed that the &dsolvers
(namely, GUROBI and CPLEX) were on average faster than the glab solvers.
CPLEX had the fastest average solve time of 11.8s, followed by GURD BARON,
SCIP andintlinprog , respectively. Compared to the MINLP formulation, the av-
erage solve time of BARON and SCIP were 4.8x and 4.2x times slowerspectively,
for the MILP formulation. In addition, the performance of the MILP local solvers
were inferior to both the NLP and MINLP solver counterparts. It took the MILP
local solvers collectively (CPLEX, GUROBI, andintlinprog ) on average 41.74s to
solve the problem, while it took the NLP local solvers (black-box) 0.@3 and the
MINLP local solver (BONMIN) 6.64s. This does not support the initialassumption
that the MILP formulation can match or outperform the nonlinear ormulations, de-
spite the use of advanced state-of-the-art MILP solvers like CHHX and GUROBI.
This could be due to the adverse e ect of the larger number of vahi#ées and con-
straints that increased the complexity of the MILP formulation [134 compared to
the nonlinear counterparts.

Reformulating the MILP model to minimize the speci ¢ rotating machirery cost,
the new model resulted in the following SymBuilder object:

SymBuilder Object
BUILT in 967.611s with:
- 1563 variables
- 1 objective

- 1 linear

- 0 quadratic
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- 0 nonlinear
- 3044 constraint(s)

- 3044 linear

- 0 quadratic

- 0 nonlinear
- 3126 bound(s)
- 498 integer variable(s)

- 0 integer

- 498 binary

Due to the fractional term of the objective function, the numberof variables and
constraints had increased drastically from the net output powerlgective. While
the number of binary variables remained the same at 498, the totmumber of
variables and constraints had increased by 499 and 2045, respaty. The optimized
results of the plant's speci c rotating machinery cost are shown in8ble 7.3. Please
refer to Table 5.16 for the optimized speci ¢ rotating machinery cas of the NLP
formulation, and Table 6.11 for the optimized results of the MINLP famulation.

In one of the cases, the optimized result oftlinprog  was slightly better than
the global solvers' solution. This is due to the inaccuracy of the lineapproxima-
tions rendering the global optimum of the algebraic EO model di erenfrom the
SM model. For instance, the optimized result of R236fa:R32 for thdgebraic EO
model usingintlinprog  was 251.38 k$/MW, and the optimized result of BARON
was 251.37 k$/MW, which shows that BARON did nd a better solution. However,
when these optimal results were substituted into the SM model, th&peci c rotat-
ing machinery costs were di erent due to the linear approximationience why the
optimized result of intlinprog is slightly better than BARON in Table 7.3. Given
that the accuracy of the MILP model is compromised over the linedy of the model,
unlike the MINLP model in the previous chapter (see Table 7.7), theris a higher
possibility of having a di erent global optimum between the algebraic B model
and the SM model. It is possible to address this issue by increasing tember of
breakpoints of the piecewise t, but this can introduce more auxiliar variables and
constraints that can make the optimization even harder to solve.

With the additional increase of variables and constraints, both théocal and
global solvers performed poorer than the former objective futman. It took GUROBI,
intlinprog , and CPLEX about 6.7x, 13.3%, and 5.5x longer, respectively, to apt
mize the problem and corresponds to a higher average number oflas, as shown in
Table 7.4. In regard to the global solvers, it took BARON and SCIP afut 9.0x and
9.1x longer, respectively, to optimize the second objective funatio Similarly, the
average number of nodes for the global solvers had also increaseth the previous
objective function, as shown in Table 7.5.

While most of the MILP solvers were successful in nding a solution faevery
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Table 7.2: The solve times [s] of Table 7.1.

LP Cycle
R290 R32 R143a

R600a 28.7 23.6 16.1

S R236ea 158 217 189
X R236fa 343 275 364
@ RC318 26.1 27.6 30.2
R600a 29.1 47.2 30.1
% R236ea 30.5 70.7 43.9
® R236fa 532 551 69.4
RC318 51.2 46.5 488
o x R600a 74 75 69
O W R23ea 16.8 12.0 143
O o R236fa 136 115 108
o RC318 81 17.7 146
o R600a 241 1031 683
5 R236ea 112.3 1715 522
= R236fa 60.7 881 77.0
S RC318 167.4 163.8 114.9
= R600a 39 40 49
O R236ea 46 38 50
X R236fa 45 59.1 523
O RC318 35 74 46

Table 7.3: The optimized speci ¢ rotating machinery costs [k$/MW] otthe Mag-
mamax Binary Power Plant's MILP model.

LP Cycle
R290 R32 R143a

R600a 253.0 247.2 253.0
R236ea 247.6 241.3 247.3
R236fa 257.4 2514 257.8
RC318 277.1 273.F 280.1

qintlinprog  : Maximum Time Reached
bintlinprog  : 251.3 k$/MW
Cintlinprog : 273.2 k$/MW

HP Cycle
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working uid pairs, the performance of the solvers was still inferioto the MINLP
formulation, as shown by the solve times in Table 7.6. On average, tBelve times
of BARON and SCIP were 38.7x and 62.0x slower, respectively, wheptimizing
the MILP formulation. This is also evident in Table 7.5 where the numbeof nodes
needed to solve the MILP formulation using the global solvers is onerage higher
than the MINLP formulation. However, the BARON was able to convege to a
solution for all the working uid pairs, which is signi cantly better than the NLP
counterpart.

Furthermore, the local MILP solvers again did not perform bettethan the non-
linear counterparts. On average, it took the local MILP solvers (BLEX, intlin-
prog, and GUROBI) 488.4s to solve the problem, while it took the NLP solver
(black-box solvers) 0.16s and the MINLP solver (BONMIN) 4.0s. Asrpviously
discussed in Section 6.4.2.1, the average solve time comparison betwte local
solvers would be more appropriate and reliable if more solvers weredsespecially
in regards to the MINLP solvers, given that local solvers have di emt underlying
algorithms that can also result in di erent computational performance. Therefore,
the comparison between the local solvers presented in this chapig a preliminary
assessment of the solvers' performance.

The average relative errors between the algebraic EO model ancet&M model
were larger with the MILP formulation than the MINLP counterpart, as shown
in Table 7.7. This highlights one of the disadvantages of the linearizahoproce-
dure. With the attempt to achieve an MILP model, the accuracy of he model was
compromised due to the linear approximations of the nonlinear and bikar terms.
Inevitably, given the nonlinearity of the thermodynamic propertiesof the working
uids, it is di cult to accurately model the ORC system using linear functions.

Generally, there is a possibility that MILP solvers can run into a time limiation
with a large number of binary variables, especially if there is a large dirence
between the feasible solution and the optimal relaxed LP solution [64}h addition,
given that MILP problems are NP-hard, there is no known algorithmhat can solve
the problem in polynomial time. This means that it is much harder to sok large
MILP problems as the size of the problem increases. While the numbef binary
variables can be reduced by decreasing the number of breakpoinfshe piecewise

Table 7.4: The average number of nodes needed for the local sa@vieroptimize the
Magmamax Binary Power Plant's MILP formulation.

CPLEX intlinprog GUROBI

Net Output Power 365204 112716 1689
Speci ¢ Rotating Machinery Cost 1392052 584738 32605
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Table 7.5: The average number of nodes needed for the global s@v® optimize
the Magmamax Binary Power Plant's MINLP and MILP formulations.

BARON SCIP
MINLP MILP MINLP MILP
Net Output Power 22 107 3286 3199
Speci ¢ Rotating Machinery Cost 165 315 2121 35276

Table 7.6: The solve times [s] of Table 7.3. MTR: Maximum Time Reached.

LP Cycle
R290 R32 R143a

R600a 168.1 90.9 274.2

S R236ea 2717 2025 2598
X R236fa 238.1 156.3 321.8
M  RC318 200.3 186.5 397.7
R600a 154.4 1521 187.2
% R236ea 356.0 109.1 444.0
» R236fa 4235 739.8 1043.4
RC318 5145 306.8 792.4
o x R600a 791 324 261
O W R23ea 117.7 391 507
O o R236fa 769 698 858
- RC318 395 385 1217
o R600a 17357 2968.6 730.9
5 R236ea 2633.6 1019.0 MTR
= R236fa 958.7 712.0 34318
S RC318 4495 489.8 136.2
~ R600a 476 228 888
O R236ea 1163 67.0 1556
X R236fa 856 89.7 132.9
O RC318 681 869 89.1
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approximation, it might not be sensible as it could render the MILP moel infeasible
or give an inaccurate representation of the ORC system. Furtherore, unlike NLP
solvers, supplying a good initial guess to MILP solvers does not alvgaynprove the
performance because all the MILP solvers in this research can antatically handle
this internally [135, 100]. Consequently, having a large number of vables would
require more e ort from the solver to nding a feasible starting poin and likely

leads to a longer CPU time. For the NLP and MINLP solvers, they benied more

from the algebraic model structure; therefore, their short coputational time can
be attributed to the availability of accurate derivatives and bypassg the use of the
nite di erence method.

Table 7.7: The average relative errors between the optimized algalor EO model
and the SM model of the Magmamax Binary Power Plant using SCIP.

MILP  MINLP

Net Output Power 0.15% 0.04%
Speci ¢ Rotating Machinery Cost 0.10%  0.01%

Evidently, the performance of the MILP formulation cannot justify the e ort to
linearize the nonlinear ORC formulation. However, the framework vgadeveloped
with exibility in mind and, thus, can be implemented to other NLP problems
outside this research that can benet from the MILP formulation. In addition,
given that NLP and MINLP problems generally require the user to eer a good
initial point, it might be bene cial to supply the initial point obtained fr om the
MILP model to the NLP model where the initial guess is hard to obtain This
might potentially improve the performance and optimality of the soluion.

7.4 Summary

This chapter discussed the MILP formulation of an ORC system, spically the
Magmamax Binary Power Plant, using piecewise linear approximationsnd lin-
ear/integer programming techniques. Leveraging o the algebraistructure of NLP
model in Chapter 5, the equivalent MILP model was constructed ugy an auto-
mated approach through a MATLAB function conv2milp that was developed for
this research. This open up the ORC optimization problem to a whole tsef MILP
solvers that can be utilized. In addition, the MILP formulation still retains the
algebraic structure as the NLP formulation and, thus, it is compatile with global
solvers that can deterministically guarantee the global optimal sdiion.

Due to the implementation of the piecewise linear approximations and¢ lin-
earization programming techniques, the number of variables and rraints in-
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creased signi cantly compared to the nonlinear counterparts. @sequently, this
had an adverse e ect on the solvers' performance despite thecdease in the non-
linearity of the optimization problem. While the results of the optimizedMILP
formulation showed that most of the solvers managed to converge a solution for
all the di erent working uid pairs, the performance of the local sdvers was inferior
to the NLP and MINLP counterparts. Similarly, the global solvers wee also able
to nd a solution for all the working uid pairs using the MILP formulat ion, which
is signi cantly better than the NLP formulation, but their performa nce was inferior
to the MINLP counterpart. Therefore, based on this study, it is ot advisable to
reformulation the nonlinear ORC model into an MILP model if the MINLP model
is obtainable.
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Chapter 8
Conclusions and Future Work

This chapter will conclude and review the work in this thesis. A summagrof key
contributions and a critique of the research questions will be preged. This is then
followed by a discussion on the recommendations for future work.

8.1 Conclusion

This thesis has described di erent optimization formulations of ORCystems that
aim to provide an e cient and robust optimization approach to address some of
the common issues associated with sequential-modular optimizatioihree di er-
ent real-world ORC systems that operated as industrial binary cye power plants
were modelled and optimized in order to highlight the exibility of the moctlling
framework. These plants represent a number of advanced binacycles that are
aimed to reduce thermodynamic losses, thus they provide a rangeirmovations in
the topology and complexity that can exist in an ORC design. Each plamvas sub-
jected to a number of di erent working uids that were compatible wth the design
speci cations of the plant. Two objective functions were investigad, namely, the
net output power and the speci c rotating machinery cost, in ordeto illustrate a
linear and nonlinear objective function in this research.

The proposed optimization model is an algebraic equation-orientedoatel that
was derived using thermodynamic and regression analysis. The optation results
showed that the algebraic EO model performed signi cantly bettethan the common
SM approach, which supports the existing literature. Furthermae, leveraging o
the algebraic structure of the EO model, a piecewise t algorithm wadeveloped to
reduce the nonlinearity of the model but further improve the acaacy of the model
and the optimization performance. Subsequently, this led to the al investigation
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of this research where the nonlinearity of the model was reducedveh to only linear
terms, namely, in the form of a mixed-integer linear programming maed

8.2 Key Contributions

The following subsections highlight the key contributions of this thes. The rst
two contributions address the issues associated with the conviemtal optimization
for ORC systems, which is mainly due to the use of the SM approach. hiE is
achieved by formulating an algebraic EO model and attempt to stragically make
careful approximations to better suit the optimizers. The third catribution reviews
the implementation of thepwfit algorithm to improve the regressions' accuracy and
reduce the nonlinearity of the model, which consequently enhandeetoverall opti-
mization performance. Finally, the last contribution reviews the eqgualent MILP
formulation of one of the ORC models that was constructed using amutomatic
conversion algorithm,conv2milp, and highlights the advantages and disadvantages
compared to its nonlinear counterparts.

8.2.1 Algebraic Equation-Oriented Models

Most optimization problems in the literature focus on the improvemes of the op-

timized results, and not on the e ciency or optimality of the optimization problem.

Traditionally, process systems are modelled and optimized using th3$nethod due

to its intuitive approach to modelling. This is evident in the literature, where most
of the ORC systems are modelled and optimized using SM models. This iglely

acknowledged that this can be ine cient and lead to various optimizabn issues,
such as convergence issues, long execution time, and poor perérce, compared
to the EO models. This thesis proposed an algebraic EO modelling appoh for

ORC systems that is tailored for e cient and robust optimization, which have not
been extensively investigated in the literature, especially for largedastrial ORC

systems. This involves deriving a set of equations that describe tipeocess of the
system using thermodynamic and regression analysis.

From the optimization studies carried out in this research, the algeaic EO
approach signi cantly outperformed the SM approach as expedae Utilizing the
derivative-based black-box solvers, the algebraic EO models of tBRC systems can
be optimized within a few seconds. This was carried out on three reabtrld ORC
systems that cover a wide range of di erent con gurations and ograting conditions.
The structure of the algebraic model allows for analytical derivate information to
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be obtained and supplied to the solver, which resulted in a more roliugptimization
and faster computational time. In addition, there is no need for aonlinear equation
solver to converge the system cycle(s) as the EO model structuallows the cycle(s)
to be treated as any other equation.

In order to illustrate the ine ciency of the SM model for optimization, one of
the ORC plants was optimized using the SM approach. Consequentbyen with a
smaller number of variables and constraints, and reduced optimalitplerances, the
derivative-based solvers still took signi cantly longer to converge a solution and,
in some cases, were unsuccessful to nd an optimal solution. Thisdse to the use
of the nite di erence method that can only give an approximation ofthe derivative
information, which can lead to an infeasible point that causes the selvto fail or
terminate prematurely.

8.2.2 Global Optimality

In addition to achieving e cient and robust optimization, the algebraic EO model
is compatible with certain white-box solvers that can deterministicallyguarantee
the global optimum of the optimization problem. This is a major advardge in
optimization as it can translate to a large di erence in the overall nacial cost and
performance of the plant, which can be the deciding factor betweea viable system
and one that is not. In addition, this study also helped to reinforcehte fundamental
interest in the literature surrounding global optimality and the devéopment of global
solvers. There is a need from practitioners for these solvers toistxand hence it
is important to highlight the di erent applications where they can be inplemented
and/or improved.

While the di erences between the local and global results presedtén this re-
search are small, this does not hinder the signi cant importance othieving global
optimality for an ORC system. Given that ORC systems have low theral e cien-
cies and a long operation life span of 25+ years, even a small di erencan have
a signi cant competitive advantage. In addition, this research onlyonsidered two
objective functions, however, there are many other aspectstoe ORC system that
can be optimized and analysed that can lead to a larger di erence lveten the local
and global optimality. Therefore, providing a modelling approach ththis tailored
for global optimization is a very advantageous contribution.
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8.2.3 Regression Accuracy and Optimization Performance
Improvement

In order for the ORC model to be explicitly algebraic and analytically dierentiable,
the thermodynamic routines and unit operation processes needlie approximated
using regression analysis. In some cases, the nonlinearity of therthodynamics or
nonlinear functions cannot be accurately approximated using a silegcurve/surface
t, which can lead to an inaccurate model. While it might be possible to inease
the order of the polynomial t to obtain better accuracy, this canincrease the non-
linearity of the model and might have an adverse e ect on the penfmance of the
optimization solver. In order to address this issue, a piecewise t algthm, called
pwfit , was developed in MATLAB to approximate nonlinear univariate and biari-
ate functions. Unlike other piecewise t approximation proposed inhe literature,
pwfit is not limited to linear approximations and allows higher order polynomial
functions to be used. This inherently o ers more level of exibility ard accuracy
for the overall regression. As shown in Chapter 6, the accuracytbe regression t
can often be improved by using the proposed piecewise t approximm@n instead of
the single t approximation. Furthermore, the location of the bre&points can also
be allocated manually by the user or optimized automatically in order tdurther
improve the accuracy of the regression.

In addition to improving the accuracy of the model, the performareof the solver
can also be improved by reducing the nonlinearity of the optimization rpblem.
Leveraging o the piecewise t algorithm, the order of the polynomi& ts can be
decreased in some cases without compromising on the accuracyh® model. As
shown in Chapter 6, the performance of the white-box solvers ingpred signi cantly
from decreasing all the constraints to only quadratic and linear fugtions. This was
clearly prominent with the Magmamax Binary Power Plant model, whergy the
BARON was able to nd a solution for all the working uids pairs as oppeed to
the NLP model counterpart.

8.2.4 Linearization of the Nonlinear Model

A nonlinear ORC model was successfully converted into an equivaldwiLP prob-
lem using an algorithm developed for this research, which involved implenting
a combination of piecewise linear approximations and linear/integer pgramming
techniques, such as the Glover's linearization scheme and the ChesrCooper trans-
formation. While the linear structure was perceived as the ideal fowlation for op-
timization, the adverse e ect of the substantial increase in the mnaber of auxiliary
variables and constraints due to the piecewise linear approximatioasid lineariza-
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tion techniques resulted in an inferior computational performanceompared to the
nonlinear counterparts.

The implication of the MILP optimized results and performance highligted that
it is not necessarily advantageous to linearize the nonlinear ORC mdddn some
cases, it is enough to linearize and/or reduce the order of some hoear terms
to achieve a more favourable optimization performance. While the désis mainly
focused on modelling and optimizing ORC systems, the framework wesveloped
with exibility in mind and can be applied to other nonlinear problems outsde this
research. Therefore, the proposed MILP formulation can be wkas an alternative
approach for when the nonlinear optimization fails. In addition, the MLP model
can exploit the available MILP solvers that could potentially help improe the per-
formance of some nonlinear solvers by generating the initial pointedt are hard to
obtain.

8.3 An Assessment of the Proposed Research Ques-
tions

To conclude the contributions of this research, the research gi®ns in Section 1.5
will be assessed below:

1. Can we formulate equation-orientated models of large andntplex ORC sys-
tems that are algebraic in structure and tailored for e ciert and robust opti-
mization?

Three large and complex ORC systems were successfully modelled gisin
equation-oriented approach. By approximating the thermodynaio routines
and the unit operation process using polynomial functions, the metican be
expressed algebraically that can be exploited by the optimization seks. The
algebraic structure allows the solvers to obtain accurate derivatg and matrix
sparsity information that lead to e cient and robust optimization. | n addition,
the algebraic structure consists of functions that are compatibleith certain
white-box solvers, thus the global optimum of the optimization prolem can
be found using solvers such as SCIP and BARON.

2. Can the performance of some optimization solvers be impravey reducing the
deleterious e ect of the nonlinearity of the optimization ®C model without
compromising, if not improving, on the accuracy of the apprxamated model?
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The number of nonlinear constraints of the algebraic EO model carlveduced
by using piecewise regressions to approximate the nonlinear modelonGe-
guently, the optimization performance of the white-box solvers vgaimproved
by decreasing the nonlinearity of the model, despite having more vailes and
constraints from implementing the piecewise t approximations. In ddition,

the accuracy of the ORC models was not compromised but was impeavby
using quadratic polynomial piecewise ts, instead of the common piewise lin-
ear t approximation methods proposed in the literature, and optinizing the
allocation of the breakpoints. These piecewise t features were mporated
into the pwfit algorithm that was developed speci cally for this research.

3. Is it possible to reformulate the nonlinear algebraic EO metl of an ORC
system into an equivalent mixed-integer linear programmgnmodel using lin-
ear/integer programming techniques? In addition, given #himprovement in
nonlinear solver algorithms and the advancement in computeardware, can
the mixed-integer linear model improve or match the perfoance of the non-
linear counterpart as traditionally concluded in the litesture?

Leveraging o the algebraic EO model structure of the ORC modelral us-
ing the linear/integer programming techniques and piecewise linear pqox-
imations, the nonlinear model was successfully converted into anugglent
mixed-integer linear programming model. This linearization process wauto-
mated using a MATLAB function called conv2milp that was developed specif-
ically for this research. Given the signi cant amount of auxiliary varidles and
constraints that were introduced to the optimization problem due @ the lin-
earization methods, the performance of the MILP model was infer to the
nonlinear model counterparts that were presented in thesis reseh.

8.4 Recommendation for Future Work

There are several areas that can be further developed and invgated as a natural
extension to this research or as a possible application for the praggal modelling
framework. However, given the time and nancial constraints, it \&s not possible to
include them in this research. However, they are highlighted belowrftuture work

and for researchers that are interested in further work in this aa.
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8.4.1 Binary Cycle Power Plant Optimization

The plant models presented in this thesis were assumed to operateideal condi-

tions, e.g., there are no pressure drops or heat loss across thehexgers, which is
common in the literature. While this might be suitable for most preliminay design
and optimization studies, it would be more practical to investigate plat models that

are not ideal. This might involve obtaining real operating data from asting plants,

power companies, or plant suppliers over a signi cant period of timédowever, this
can be dicult given that usually this information is con dential and cannot be

published.

A simpler alternative is to model the plant using more realistic unit opetion
modules/models from existing chemical modelling platforms, such aspgen Plus and
VMGSim, that were developed from empirical and test data. This will lso include
using the real thermodynamic properties of the brine and its compitions, instead
of pure water. These unit operation models and thermodynamic perties will then
be approximated using the same procedures discussed in this thesi®btain the
algebraic EO model and then optimized. It would be interesting to copare the
optimal results between an ideal and a realistic model to see if thesea signi cant
di erence to raise a concern surrounding the use of ideal models.

In addition, it would be worthwhile to investigate other objective furctions,
such as a multi-objective function that is associated with the syst@s cost, yield
and prot combined. This will help to further test the limitation and e xibility of
the proposed framework and indicate which areas need to be impeavor if they
are not applicable to this work. Furthermore, the plant models shdd be optimized
with several numbers of solvers that vary in di erent algorithms fo each of the
optimization problems to provide a more reliable performance compson across
the di erent formulations.

8.4.2 Piecewise Approximation of Univariate and Bivariate
Functions

The current pwfit algorithm has some limitations that can be addressed to improve
the accuracy of the regression t. Given that the proposed modmg framework
in thesis relies heavily on an accurate and exible regression toolbax,would be
signi cantly bene cial for the overall performance and accuracyf the ORC model
if the pwfit algorithm can be further improved.

First, the current algorithm only allows the breakpoints to be allocat¢d along the
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x-axis for bivariate functions, which can limit the use of some nonlinedunctions

and result in poor regression accuracy. Therefore, to accomnabel a wider range of
other nonlinear functions, the algorithm should also allow the user tspecify and
optimize the allocations of the breakpoints along the y-axis.

Second, the current algorithm does not allow each subfunction tae a di erent
polynomial function from one another. This means that some partsf the regres-
sion can be overcompensated by the high order nonlinear t modelhweh can add
unnecessary complexity to the optimization problem. It would be mersensible to
allow the user to select the t model for each subfunction or autoate the selection
process to get the best t possible with the lowest order and numbef polynomial
ts.

Third, the pwfit algorithm should incorporate other nonlinear functions, such as
the exponential functions, logarithmic functions, trigonometric dinctions, etc., that
are currently not available and also allow the users to enter their owhmodel. This
might be di cult to implement, given that the algorithm requires the Va ndermonde
matrix to be derived, which is not possible with non-polynomial functios that
are not linear in the parameters. Therefore, another alternativapproach will be
required to incorporate the non-polynomial functions with the cuent algorithm.

8.4.3 Optimization of the MILP Formulation

The poor performance of the mixed-integer linear programming foulation was due
to the substantial increase in the number of binary variables, whickubsequently
resulted in more auxiliary decision variables and constraints. Thewgk, investigat-
ing ways to reduce the number of binary variables in the MILP modelkafd also in
the MINLP model) will improve the optimization performance and lead ® a shorter
solve time. It might also be possible to utilize the built-in special orderes type
feature in some of the optimization solvers to reduce the number loihary variables
and constraints.

While the optimization performance of the MILP model presented inhis re-
search did not perform better than their nonlinear counterpartsit would be worth-
while to implement the functionality of the conv2milp function to other optimization
problems outside this research. Given that most of the processgameering prob-
lems (see Table 2.2) are NLP and MINLP problems, there might be case&here the
MILP formulation is more bene cial.
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Appendix A

The Explicit Optimization
Problem of Basaran ORC System

The following optimization problem is detailed in Section 3.2. It is assumeithat
the objective function is the net output power of the plant and thewvorking uid is
R227ea.

min Wet

S.t. Mwr har + Merhgrz Mwrhaz  Merhgrz = 0;
Mwr ha2 + Merherr  Mwrhaz  Merher2 = 0;
Mwr haz  Wiyn  Mwe hag = 0;
Mwr has + Mewhewr  Mwrhas Mewhewz = 0;

Mwr Nas + Woump  Mwr har = 0;

V-\lpump — ﬁis;pump Mwr :
pump
Wiy = f’\]is;turb turb MwF ; (A.1)

Nas ﬁ@369 K:Pa1 2[Pas +1;10] bar s

Nas ﬁ@Tg@lo ver (Pa1 2 [Pas +1:10] bar ;

haz = ﬁf @P a1 2[Pas +1;10]

Ter1 T\As 1

Tere Tar 1

Tgra T\Al 1
1

fA4 TCW2

Whet = Wauro Wpump;
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where

Riswp = 0:0208P3,  0:41P2,  0:00055P2 has+
0:018GDA1 hA4 +0 :5563A1 0:04241A4 0:174

Rispump = 1:02  °P2 +0:0691P, 0:192
R@3sokpu 20pas +1:2000ar =  0:0005207,  0:005742,  0:83%Pn; + 403;
@ aro0m Pas 21Pas +1:200ar = 0:0043P2 +0:028P2  1:33P4, +372;

Rt @poy 2(pas +1:1200 = 0:029P2,  0:94P2, +15:2P,; + 176;
Tar =  0:0146P +0:88ha; +97:3;
Tao = 0:312P2 +9:72P,; + 260;
Tas 377 10 °h2, 0:017Parhas+
1:21has +8:12PA 119
Taa =  0:0007582, + 1:7Thas 197
Terz = 0:238hgg, +273;

(A.2)

and the bounds of the decision variables are

21120 ha 21177
22177 ha 26374
35682 has 39959
33077 ha 39572
25514 hgr 40198

1000 mwe  10Q0; (A.3)
11000 mcw  130Q

378 Pan 1000

73320 W, 122200,

3017 Woump 5028
76337 Wy 127228

The remaining variables that are not listed in (A.3) are constants andan be
found or calculated from Table 3.2.
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Appendix B

Organic Rankine Cycle
SymBuilder Models

This appendix details the MATLAB models of the three binary cycle poer plants
that are described in Chapter 4. Refer to the corresponding semts in Chapter 4 for
the process ow diagram and more information about the individual lant. These
models were constructed using the SymBuilder framework via the OPToolbox.
To run these models, the reader should refer to the attached lg¢bat consist of all
the di erent optimization formulations of each individual model.

B.1 DOEP SymBuilder Model

The SymBuilder model of the DOE Pilot Plant is shown below, which is as p&o
the assumptions and speci cations described in Section 4.2.1. Thdl fsimulation
le and the thermodynamic approximations are provided in the attabment under
the DOE Pilot Plant folder.

%% Building the algebraic EO NLP/MINLP model
eoDOEP = SymBuilder();

% Brine constants
eoDOEP.AddConstantimBR',mBR);
eoDOEP.AddConstant{hBR1' ,hBR1);
eoDOEP.AddConstant{hBR5' ,hBR5);
eoDOEP.AddConstant{TBR1',TBR1);
eoDOEP.AddConstant{TBR5', TBR5);
% Cooling water constants
eoDOEP.AddConstantthCW1,hCW1);
eoDOEP.AddConstant{hCW2,hCW?2);
eoDOEP.AddConstant{TCW1, TCW1);
eoDOEP.AddConstant{TCW2,TCW2);
% ORC constants
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eoDOEP.AddConstant{nt'’ ,TURB_EFF);
eoDOEP.AddConstant{np' ,PUMP_EFF);
eoDOEP.AddConstant(h8' ,h8);
eoDOEP.AddConstant{(T8' ,T8);
eoDOEP.AddConstant(z' ,z);

% Cost constants
eoDOEP.AddConstant{COturb' ,COturb);
eoDOEP.AddConstant{WO0turb' ,WO0turb);
eoDOEP.AddConstant{aOturb' ,aOturb);
eoDOEP.AddConstant{COpump',COpump);
eoDOEP.AddConstant{WOpump,WO0Opump);
eoDOEP.AddConstant{aOpump',aOpump);

% Energy balance equations

eoDOEP.AddConh\WF*h8 + Wpump - mWF*hl ¥ 0O'

eoDOEP.AddConhWF*h1 - mWF*h2 + mBR*hBR4 - mBR*hBRY);= 0'
eoDOEP.AddCor*mWF*h3 - z‘mWF*h4 + mBR*hBR2 - mBR*hBR3)z O’
eoDOEP.AddCorg*mWF*h4 - z*mWF*h5 + mBR*hBR1 - mBR*hBR2)s= 0'
eoDOEP.AddCor*mWF*h5 - WturbHP - z*mWF*h6 = I
eoDOEP.AddConiWF*h7 - mWF*h8 + mCW*hCW1 - mCW*hCW2 = 0O'
eoDOEP.AddCon(-z)*mWF*h9 - (1-z)*mWF*h10 + mBR*hBR3 - mBR*hBR4 =)0’
eoDOEP.AddCon(1-z)*mWF*h10 - WturbLP - (1-z)*mWF*h1l1 = 0');
eoDOEP.AddCorg*mWF*h6 + (1-z)*mWF*h1l - mWF*h7 = )

% Valve constraints
eoDOEP.AddCori(3
eoDOEP.AddCori(2

h9");
h9");

% Turbine and pump works

eoDOEP.AddCogturbHP = hpTurblsen*nt*mWF*z');
eoDOEP.AddCorturbLP = IpTurblsen*nt*mWF*(1-z)' );
eoDOEP.AddCoiWWpump = pumplsen*mWF/9jp'

% Net output power

eoDOEP.AddCorfWnet = WturbHP+WturbLP-Wpump'

% Costs

eoDOEP.AddExpression(CturbLP = COturb*((WturbLP)/WO0turb)*a0turb' );
eoDOEP.AddExpression(CturbHP = COturb*((WturbHP)/WO0turb)*aOturb' );
eoDOEP.AddExpression(Cpump = COpump*((Wpump)/W0Opump)*aOpump'

% Adding approximations

AddPwFit("hpTurblsen(P5,h5)" ,hpTurblsenWorkFit,eoDOEP);
AddPwrFit("lpTurblsen(P10,h10)" ,IpTurblsenWorkFit,eoDOEP);
AddPwFit('pumplsen(P5)' ,pumplsenWorkFit,eoDOEP);
AddPwFit("hpHMPT5Ub(P5)hpHMPT5UbFit,eoDOEP);
AddPwFit("hpHmMPT5Lb(P5),hpHMPT5LbFit,eoDOEP);
AddPwrFit("hpSatLig(P5)' ,hpSatLigFit,eocDOEP);
AddPwFit('IlpHmPT10Ub(P10)',IpHMPT10UbFit,eoDOEP);
AddPwFit('IpHmPT10Lb(P10)' ,IpHMPT10LbFit,eoDOEP);
AddPwrFit('lpSatLiq(P10)' ,IpSatLigFit,eoDOEP);
AddPwFit("T7(h7)" ,T7Fit,eoDOEP);

AddPwFit('T1(P5,h1)" ,T1Fit,eoDOEP);
AddPwFit('T2(P5,h2)' ,T2Fit,eoDOEP);
AddPwFit('TBR4(hBR4)',TBRFit,eoDOEP);
AddPwFit('T9(h9)' ,T9Fit,eoDOEP);
AddPwFit('T10(P10,h10)" ,T10Fit,eoDOEP);
AddPwFit('TBR3(hBR3)',TBRFit,eoDOEP);
AddPwFit('T4(h4)' ,T4Fit,eoDOEP);
AddPwFit('TBR2(hBR2)',TBRFit,eoDOEP);
AddPwFit("T5(P5,h5)" ,T5Fit,eoDOEP);

% ORC constraints
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eoDOEP.AddCorfpSatLiq = h4" );
eoDOEP.AddCort{5 <= hpHmMPT5Ul'
eoDOEP.AddCortjpHmMPT5Lb <= hj,
eoDOEP.AddCoripSatLiq = h9' );
eoDOEP.AddCori{10 <= IpHMPT10UY:
eoDOEP.AddCornpHmMPT10Lb <= h10);
eoDOEP.AddCorP10 <= P5');
e0DOEP.AddCoi <= (TBR4-T2)' );
eoDOEP.AddCoi{ <= (TBR5-T1)');
eoDOEP.AddCont <= (T7-TCW2)');
eoDOEP.AddCon{ <= (TBR3-T10)");
eoDOEP.AddCon{ <= (TBR4-T9)');
e0DOEP.AddCoi{ <= (TBR2-T4)');
eoDOEP.AddCor{ <= (TBR3-T2)");
e0DOEP.AddCoi{ <= (TBR1-T5) );

% Brine constraints
eoDOEP.AddCori{BR3 <= hBR3Z;
eoDOEP.AddCoriBR4 <= hBR3;

% ORC Bounds

eoDOEP.AddBounds(synt{l' ),h1Lb,h1Ub);
eoDOEP.AddBounds(synt{2' ),h9Lb,houUb);
eoDOEP.AddBounds(synt{3' ),h9Lb,h9Ub);
eoDOEP.AddBounds(synt{4' ),h4Lb,h4Ub);
eoDOEP.AddBounds(synt{5' ),h5Lb,h5Ub);
eoDOEP.AddBounds(synt{6' ),h7Lb,h6Ub);
eoDOEP.AddBounds(synt{7' ),h7Lb,h7Ub);
eoDOEP.AddBounds(synt{9' ),h9Lb,h9Ub);
eoDOEP.AddBounds(synt{10' ),h10Lb,h10Ub);
eoDOEP.AddBounds(syntf11' ),h7Lb,h11Ub);
eoDOEP.AddBounds(syni5' ),P5Lb,P5Ub);
eoDOEP.AddBounds(syni®10' ),P10Lb,P10Ub);
eoDOEP.AddBounds(synmtWF), mWFLb,mWFUDb);
eoDOEP.AddBounds(symi{Vpump),WpumpLb,WpumpUb);
eoDOEP.AddBounds(symVturbLP' ),WturbLPLb,WturbLPUDb);
eoDOEP.AddBounds(symVturbHP"),WturbHPLb,WturbHPUDb);
% Brine and cooling water bounds
eoDOEP.AddBounds(synt{BR'),hBR5,hBR1);
eoDOEP.AddBounds(synthCW,mCWLb,mCWUb);

% Net output power bound
eoDOEP.AddBounds(syn{(Vnet' ),WnetLb,WnetUb);

%O0Objective function
switch (1)
case 1 % Net power
eoDOEP.AddObj¢(Wnet)' );
case 2 % Specific rotating machinery cost
eoDOEP.AddObj(CturbLP+CturbHP+Cpump)/(Wnet*1e-3)' );
end

%Building the optimization problem
Build(eoDOEP)
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B.2 USGP SymBuilder Model

The SymBuilder model of the USGeo Plant is shown below, which is as perthe
assumptions and speci cations described in Section 4.3.1. The full sil@tion le
and the thermodynamic approximations are provided in the attachent under the
USGeo Plant folder.

%% Building the algebraic EO NLP/MINLP model
eoUSGP = SymBuilder();

% Brine constants
eoUSGP.AddConstant(mBR'mBR);
eoUSGP.AddConstant(hBR1' ,hBR1);
eoUSGP.AddConstant{hBR8' ,hBR8);
eoUSGP.AddConstant{TBR1',TBR1);
eoUSGP.AddConstant{TBR8', TBR8);
eoUSGP.AddConstant(zBR',zBR);
eoUSGP.AddConstant(hBRLb',hBRLb); % The lowest brine enthalpy
% Cooling water constants
eoUSGP.AddConstant{TCW3, TCW3);
eoUSGP.AddConstant{TCW4;TCW4);
eoUSGP.AddConstantthCW1,hCW1);
eoUSGP.AddConstantthCW2,hCW?2);
eoUSGP.AddConstantthCW3,hCW3);
eoUSGP.AddConstant{hCW4',hCW4);

% ORC-A constants
eoUSGP.AddConstant(hA7' ,hA7);
eoUSGP.AddConstant{TA7' ,TA7);
eoUSGP.AddConstant(ntA' , TURBA EFF);
eoUSGP.AddConstant(npA' ,PUMPA_EFF);
eoUSGP.AddConstant{dTrec' ,dTrec);

% ORC-B constants
eoUSGP.AddConstant(hB5' ,hB5);
eoUSGP.AddConstant{TB5' ,TB5);
eoUSGP.AddConstant(ntB' , TURBB_EFF);
eoUSGP.AddConstant(npB' ,PUMPB_EFF);
% Cost constants
eoUSGP.AddConstant{COturb' ,COturb);
eoUSGP.AddConstant{wWO0turb' ,WO0turb);
eoUSGP.AddConstant{aOturb' ,aOturb);
eoUSGP.AddConstant{COpump',COpump);
eoUSGP.AddConstant{WO0OpumpW0pump);
eoUSGP.AddConstant{aOpump',a0pump);

% Energy balance of ORC-A

eoUSGP.AddCorfAL*mA + hA5*mA - hA2*mA - hA6*mA =);0'
eoUSGP.AddCofjA6*mA + hCW1*mCWA - hA7*mA - hCW3*mCWA = 0'
eoUSGP.AddCorfA7*mA + WpumpA - hAl*mA 9);0'

eoUSGP.AddCortfA2*mA + hBR5*(1-zBR)*mBR - hA3*mA - hBR7*(1-zBR)*mBR =);0'
eoUSGP.AddCojA3*mA + hBR1*mBR - hA4*mA - hBR2*mBR )= 0'
eoUSGP.AddCorfA4*mA - WturbA - hA5*mA = 0

% Energy balance of ORC-B

eoUSGP.AddCoriB1*mB + hBR4*zBR*mBR - hB2*mB - hBR6*zBR*mBR);= 0'
eoUSGP.AddCortiB2*mB + hBR2*mBR - hB3*mB - hBR3*mBR )= 0'
eoUSGP.AddCortiB3*mB - WturbB - hB4*mB = 0

211



eoUSGP.AddCortiB4*mB + hCW2*mCWB - hB5*mB - hCW4*mCWB = 0'
eoUSGP.AddCortiB5*mB + WpumpB - hB1*mB 9);0'

% Turbine and pump works

eoUSGP.AddCorturbA = mA*ntA*turbAlsenWork' );
eoUSGP.AddCoiWturbB = mB*ntB*turbBlsenWork' );
eoUSGP.AddCorVpumpA = mA*pumpAlsenWork/npA'
eoUSGP.AddCorVpumpB = mB*pumpBlsenWork/npB'

% Net output power

eoUSGP.AddCorWnet = WturbA+WturbB-WpumpA-WpumpB'

% Costs

eoUSGP.AddExpression(CturbA = COturb*(WturbA/WOturb)*aOturb'  );
eoUSGP.AddExpression(CturbB = COturb*(WturbB/WOturb)*aOturb' );
eoUSGP.AddExpression(CpumpA = COpump*(WpumpA/WO0pump)~a0pymp'
eoUSGP.AddExpression(CpumpB = COpump*(WpumpB/WO0pump)*a0pymp'
% ORC-A approximations

AddPwFit( turbAlsenWork(PA,hA4)" nITurbAlsenWorkFit,eoUSGP);
AddPwFit("pumpAlsenWork(PA)',nIPumpAlsenWorkFit,eoUSGP);
AddPwFit("HMPTA4UbA(PANIHMPTA4UbFit,eoUSGP);
AddPwFit("HmMPTA4LbA(PA)hIHMPTA4LbFit,eoUSGP);
AddPwrFit("satLigA(PA)' ,nISatLigHFitA,eocUSGP);
AddPwFit('TAL(PA,hAl)' , TA1Fit,eoUSGP);

AddPwFit('TA2(PA,hA2)' , TA2Fit,eoUSGP);

AddPwFit('TA3(hA3)' ,TA3Fit,eoUSGP);

AddPwFit('TA4(PA,hA4)' . TA4Fit,eoUSGP);

AddPwFit('TA5(hA5)' ,TASA6Fit,eocUSGP);

AddPwFit('TA6(hAB)' ,TASA6Fit,eocUSGP);

% ORC-B approximations

AddPwrFit("turbBlsenWork(PB,hB3)" ,nITurbBlsenWorkFit,eoUSGP);
AddPwFit("pumpBIlsenWork(PB)',nIPumpBlsenWorkFit,eoUSGP);
AddPwFit("HmPTB3Ub(PB)hIHMPTB3UbFit,eoUSGP);
AddPwFit("HmPTB3Lb(PB),nIHMPTB3LbFit,eoUSGP);
AddPwrFit("satLiqgB(PB)' ,nlISatLiqHFitB,eocUSGP);
AddPwFit("TB1(PB,hB1)' ,TB1Fit,eoUSGP);

AddPwFit('TB2(hB2)' ,TB2Fit,eoUSGP);

AddPwFit('TB3(PB,hB3)' ,TB3Fit,eoUSGP);

AddPwFit('TB4(hB4)' ,TB4Fit,eoUSGP);

% Brine approximations

AddPwFit('TBR2(hBR2)',TBRFit,eocUSGP);
AddPwFit('TBR3(hBR3)',TBRFit,eocUSGP); % Same as TBR5
AddPwFit('TBR6(hBR6)', TBRFit,eocUSGP);

AddPwFit('TBR7(hBR7)', TBRFit,eoUSGP);

% ORC-A constraints
eoUSGP.AddCorlfA4 <= HmMPTA4UBHA'
eoUSGP.AddConimPTA4LbA <= hA@'
eoUSGP.AddCortfA3 = satLigA' );
eoUSGP.AddCori(A6 = TA7 + dTrec);
eoUSGP.AddCorif{Al <= hA2Y;
eoUSGP.AddCorljA6 <= hA5");
eoUSGP.AddCon{ <= (TA6-TCW3));
eoUSGP.AddConf <= (TA5-TA2)");
eo0USGP.AddCor <= (TA6-TAL)' );
eoUSGP.AddCon{ <= (TBR3-TA3)');
eoUSGP.AddCoi <= (TBR7-TA2)');
eo0USGP.AddCoi <= (TBR1-TA4)');
eoUSGP.AddCon{ <= (TBR2-TA3)');
% ORC-B constraints
eoUSGP.AddConiB3 <= HmPTB3Up'
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eoUSGP.AddCorimPTB3Lb <= hB}'
eoUSGP.AddCort{B2 = satLigB' );
eoUSGP.AddCon{ <= (TB4-TCW4)";
eoUSGP.AddCon{ <= (TBR3-TB2)');
eoUSGP.AddCon{ <= (TBR6-TB1)');
eoUSGP.AddCon{ <= (TBR2-TB3)');
% Brine constraints
eoUSGP.AddCortiBR6 <= hBR4);
eoUSGP.AddCori{BR7 <= hBRY;

eoUSGP.AddCorl{BR5 = hBR4);
eoUSGP.AddCofiBR4 = hBR3);
eoUSGP.AddCori{BR3 <= hBR3Z);
eoUSGP.AddCori{BR8 = (hBR6+hBR7)/2);

% ORC-A bounds

eoUSGP.AddBounds(syntfAl' ),hAlLb,hA1UDb);
eoUSGP.AddBounds(syntiA2' ),hAlLb,hA3UDb);
eoUSGP.AddBounds(synt{A3' ),hA3Lb,hA3UDb);
eoUSGP.AddBounds(syntjA4' ),hA4Lb,hA4Ub);
eoUSGP.AddBounds(synt{A5' ),hA5Lb,hA5UDb);
eoUSGP.AddBounds(synt{A6' ),hA5Lb,hA5UDb);
eoUSGP.AddBounds(synthA'),mALb,mAUDb);
eoUSGP.AddBounds(syniPA' ),PA4Lb,PA4UDb);
eoUSGP.AddBounds(symVturbA' ),min(WturbALbUb),max(WturbALbUb));
eoUSGP.AddBounds(sym(VpumpA,min(WpumpALbUb),max(WpumpALbUDb));

% ORC-B bounds

eoUSGP.AddBounds(syntiB1' ),hB1Lb,hB1Ub);
eoUSGP.AddBounds(syntiB2' ),hB2Lb,hB2Ub);
eoUSGP.AddBounds(syntiB3' ),hB3Lb,hB3Ub);
eoUSGP.AddBounds(syntiB4' ),hB4Lb,hB4Ub);
eoUSGP.AddBounds(synB'),mBLb,mBUDb);

eoUSGP.AddBounds(syni®B' ),PB3Lb,PB3Ub);
eoUSGP.AddBounds(sym(VturbB' ),min(WturbBLbUb),max(WturbBLbUb));
eoUSGP.AddBounds(sym(VpumpB,min(WpumpBLbUb),max(WpumpBLbUDb));

% Brine and cooling water bounds
eoUSGP.AddBounds(synt{BR'),hBRLb,hBR1);
eoUSGP.AddBounds(synthCWA,;mCWALb,mCWAUDb);
eoUSGP.AddBounds(synthCWB,;mCWBLb,mCWBUDb);

% Net output power bound

eoUSGP.AddBounds(sym{Vnet' ),min(WnetLbUb),max(WnetLbUb));

% Obijective function
switch (1)
case 1 % Net power
eoUSGP.AddObjE(Wnet)' );
case 2 % Specific rotating machinery cost
eoUSGP.AddObj(CturbA+CturbB+CpumpA+CpumpB)/(Wnet*1e-3));
end

%Building the optimization problem
Build(eoUSGP)
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B.3 MBPP SymBuilder Model

The SymBuilder model of the Magmamax Binary Power Plant is shown hmv,
which is as per to the assumptions and speci cations described in Sec 4.4.1.
The full simulation le and the thermodynamic approximations are preided in the
attachment under the Magmamax Binary Power Plant folder.

%% Building the algebraic EO NLP/MINLP model
eoMBPP = SymBuilder(); %Initializing SymBuilder object

% ORC-A constants
eoMBPP.AddConstant{TA4' ,TA4);
eoMBPP.AddConstant{TA6' ,TA6);
eoMBPP.AddConstant(hA4' ,hA4);
eoMBPP.AddConstant{dTrec' ,dTrec);
eoMBPP.AddConstant{turbAEff ,TURBA_EFF);
eoMBPP.AddConstant{pumpAEff' ,PUMPA_EFF);
% ORC-B constants
eoMBPP.AddConstant(hB3' ,hB3);
eoMBPP.AddConstant{TB3' ,TB3);
eoMBPP.AddConstant{turbBEff ,TURBB_EFF);
eoMBPP.AddConstant{pumpBEff' ,PUMPB_EFF);
% Brine constants
eoMBPP.AddConstantimBR'mBR);
eoMBPP.AddConstant{hBR1' ,hBR1);
eoMBPP.AddConstant{hBR5' ,hBR5);
eoMBPP.AddConstant{TBR1',TBR1);
eoMBPP.AddConstant{TBR5', TBR5);

% Cooling water constants
eoMBPP.AddConstantthCW1,hCW1);
eoMBPP.AddConstant{hCW3,hCW3);
eoMBPP.AddConstant{TCW1, TCW1);
eoMBPP.AddConstant{TCW3, TCW3);

% Cost constants
eoMBPP.AddConstant{COturb' ,COturb);
eoMBPP.AddConstant{WO0turb' ,WO0turb);
eoMBPP.AddConstant{aOturb' ,aOturb);
eoMBPP.AddConstant{COpump',COpump);
eoMBPP.AddConstant{WO0OpumpWOpump);
eoMBPP.AddConstant{aOpump',a0pump);

% Energy balance equation of ORC-A

eoMBPP.AddConfiA*hAl - WturbA - mA*hA2 = 0O,
eoMBPP.AddConfiA*hA2 - mA*hA2P + mB*hB5P - mB*hB5 3;0'
eoMBPP.AddConhA*hA2P - mA*hA3 + mB*hB4 - mB*hB5P 3;0'
eoMBPP.AddConfiA*hA3 - mA*hA4 + mCW*hCW2 - mCW*hCW3
eoMBPP.AddConfiA*hA4 + WpumpA - mA*hA5 =);0'
eoMBPP.AddConfiA*hA5 - mA*hA6 + mBR*hBR4 - mBR*hBR5 )= 0'
eoMBPP.AddConfiA*hA6 - mA*hA7 + mBR*hBR2 - mBR*hBR3 )= 0'
eoMBPP.AddConfhA*hA7 - mA*hAl + mBR*hBR1 - mBR*hBR2 )= 0
% Energy balance equation of ORC-B

eoMBPP.AddConnB*hBl - WturbB - mB*hB2 = 0
eoMBPP.AddConnB*hB2 - mB*hB3 + mCW*hCW1 - mCW*hCW2 = 0'
eoMBPP.AddConnB*hB3 + WpumpB - mB*hB4 9);0'
eoMBPP.AddConnB*hB5 - mB*hB1 + mBR*hBR3 - mBR*hBR4 )= 0'

Ol

% Turbine and pump works
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eoMBPP.AddCoiWturbA = mA*turbAEff*turbAlsenWork' );
eoMBPP.AddCorgturbB = mB*turbBEff*turbBlsenWork' );
eoMBPP.AddCo\VpumpA = mA*pumpAlsenWork/pumpAEff
eoMBPP.AddCoifVpumpB = mB*pumpBlsenWork/pumpBIEff

% Net output power

eoMBPP.AddCoiWnet = WturbA+WturbB-WpumpA-WpumpB'

% Costs

eoMBPP.AddExpression(CturbA = COturb*(WturbA/WOturb)*aOturb' );
eoMBPP.AddExpression(CturbB = COturb*(WturbB/WOturb)*aOturb' );
eoMBPP.AddExpression(CpumpA = COpump*(WpumpA/WO0pump)~a0pymp'
eoMBPP.AddExpression(CpumpB = COpump*(WpumpB/WO0pump)~a0gump'

% ORC-A approximations

AddPwrFit("turbAlsenWork(PA,hA1) ,nITurbAlsenWorkFit,eoMBPP);
AddPwrFit("pumpAlsenWork(PA)',nIPumpAlsenWorkFit,eoMBPP);
AddPwFit("HMPTCcA(PA),nIHMTcAFit,eoMBPP);

AddPwFit( " HmMPTALUbA(PANIHMPTAL1UbAFit,eoMBPP);
AddPwFit("HMPTA1LbA(PA)hIHMPTALLbAFit,eoMBPP);
AddPwFit(' TA1(PA,hAL)' ,TALlFit,eoMBPP);
AddPwFit("TA2(hA2)' ,TA2A3Fit,eoMBPP);
AddPwFit('TA2P(hA2P)' ,TA2A3Fit,eoMBPP);
AddPwFit("TA3(hA3)' ,TA2A3Fit,eoMBPP);
AddPwFit("TA5(PA,hA5)' , TA5Fit,eoMBPP);
AddPwFit("TA7(PA,hA7)' . TA7Fit,eoMBPP);

% ORC-B approximations

AddPwrFit("turbBlsenWork(PB,hB1)' ,nITurbBlsenWorkFit,eoMBPP);
AddPwFit("pumpBIlsenWork(PB)',nIPumpBlsenWorkFit,eoMBPP);
AddPwrFit("HsatVapB(PB)' ,nIHsatVapBFit,eoMBPP);
AddPwrFit("HsatLigB(PB)' ,nlHsatLiqBFit,eoMBPP);
AddPwFit("HmPTB1UbB(PBNIHMPTB1UbBFit,eoMBPP);
AddPwFit("HmPTB1LbB(PB)hIHMPTB1LbBFit,eoMBPP);
AddPwFit("TB1(PB,hB1)' ,TB1Fit,eoMBPP);
AddPwFit("TB2(hB2)' ,TB2Fit,eoMBPP);
AddPwFit('TB4(PB,hB4)' ,TB4Fit,eoMBPP);
AddPwFit("TB5(PB)' ,TB5Fit,eoMBPP);

AddPwFit("TB5P(PB)' ,TB5Fit,eoMBPP);

% Brine approximations

AddPwFit('TBR2(hBR2)', TBRFit,eoMBPP);
AddPwFit("TBR3(hBR3)',TBRFit,eoMBPP);
AddPwFit('TBR4(hBR4)', TBRFit,eoMBPP);

% Cooling water approximations

AddPwFit(" TCW2(hCW2)TCWFit,eoMBPP);

% ORC-A constraints
eoMBPP.AddCorjA7 = (hA6 + hA1)/2");
eoMBPP.AddCorfA6 = HmPTcA,
eoMBPP.AddConfAl <= HMPTAL1UDA'
eoMBPP.AddCorfimPTAL1LbA <= hAj'
eoMBPP.AddCor(A3 = TA4 + dTrec);
eoMBPP.AddCon{ <= (TA3-TCW3)";
eoMBPP.AddCon{ <= (TA4-TCW2)";
eoMBPP.AddCon{ <= (TA2-TB5)');
eoMBPP.AddCon{ <= (TA2P-TB5P)');
eoMBPP.AddCon{ <= (TA3-TB4)');
eoMBPP.AddCon{ <= (TBR1-TA1)');
eoMBPP.AddCon{ <= (TBR2-TA7)");
eoMBPP.AddCon{ <= (TBR3-TA6)');
eoMBPP.AddCon{ <= (TBR4-TA6)');
eoMBPP.AddCon{ <= (TBR5-TA5)');
% ORC-B constraints
eoMBPP.AddCort{B5 = HsatVapB');
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eoMBPP.AddCortiB5P = HsatLigB');
eoMBPP.AddCoriB1 <= HmPTB1UbHB'
eoMBPP.AddConfimPTB1LbB <= hB}t'
eoMBPP.AddConhA2-hA3)*mA*0.02 <= (hB1-hB5)*mB');
eoMBPP.AddCon{ <= (TB2-TCW2));

eoMBPP.AddCon{ <= (TBR3-TB1)');

eoMBPP.AddCon{ <= (TBR4-TB5)');

% Brine constraints

eoMBPP.AddCori{BR3 <= hBR3Z;

eoMBPP.AddCortiBR4 <= hBR3};

% ORC-A bounds

eoMBPP.AddBounds(synt{Al' ),hAlLb,hA1UDb);
eoMBPP.AddBounds(syntfA2' ),hA2Lb,hA2Ub);
eoMBPP.AddBounds(syntiA2P'),hA2Lb,hA2Ub);
eoMBPP.AddBounds(synt{A3' ),hA2Lb,hA2Ub);
eoMBPP.AddBounds(synt{A5' ),hA5Lb,hA5UDb);
eoMBPP.AddBounds(synt{A6' ),hA6Lb,hA6UD);
eoMBPP.AddBounds(synt{A7' ),hA7Lb,hA7Ub);
eoMBPP.AddBounds(synthA'),mALb,mAUDb);
eoMBPP.AddBounds(synitA' ),PA1Lb,PA1UD);
eoMBPP.AddBounds(sym(VturbA" ),min(WturbALbUb),max(WturbALbUb));
eoMBPP.AddBounds(sym(VpumpA,min(WpumpALbUb),max(WpumpALbUb));
% ORC-B bounds

eoMBPP.AddBounds(syntiB1' ),hB1Lb,hB1Ub);
eoMBPP.AddBounds(syntiB2' ),hB2Lb,hB2Ub);
eoMBPP.AddBounds(syntiB4' ),hB4Lb,hB4Ub);
eoMBPP.AddBounds(synt{B5P"),hB5PLb,hB5PUb);
eoMBPP.AddBounds(syntiB5' ),hB5Lb,hB5Ub);
eoMBPP.AddBounds(synB'),mBLb,mBUDb);
eoMBPP.AddBounds(syni#B'),PB1Lb,PB1Ub);
eoMBPP.AddBounds(symVturbB' ),min(WturbBLbUb),max(WturbBLbUb));
eoMBPP.AddBounds(sym(VpumpB,min(WpumpBLbUb),max(WpumpBLbUDb));
% Brine and cooling water bounds
eoMBPP.AddBounds(synt{BR'),hBR5,hBR1);
eoMBPP.AddBounds(syntiCW'),hCW1,hCW3);
eoMBPP.AddBounds(synthCW,mCWLb,mCWUb);

% Net output power bound

eoMBPP.AddBounds(sym{Vnet' ),min(WnetLbUb),max(WnetLbUb));

% Objective function
switch (1)
case 1 % Net power
eoMBPP.AddObjtWnet' );
case 2 % Specific rotating machinery cost
eoMBPP.AddObj(CturbA+CturbB+CpumpA+CpumpB)/(Wnet*1e-3));
end

% Building the optimization problem
Build(eoMBPP)
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Appendix C

The pwfit Model Library

Table C.1 and Table C.2 list the univariate and bivariate polynomial fundbn models
that are available in pwfit .

Table C.1: Curve tting models.

polyl tix+t,

poly2 tix?+t,x+tg

poly3 tix3+t,x2+tax+t,

polyd tix*+t x3+tax2+t X+t

poly5 tix®+t ox*+tax3+t X2+t +1g

Table C.2: Surface tting models.

polyll t;x+ty+ts

p0|y12 t1y2+tzxy+t3X+t4y+t5

poly13 t1y®+toy® +taXy? +taXy +tsX +tgy +17

p0|y21 t1X2+tzxy+t3X+t4y+t5

poly22 tiX?+t,y2+taXy +tX+tsy+tg

poly23  tiy3 +tox2 +tgy? +t X2y +tsXy2+teXy +toX +tgy +1g
poly31 tix3+1t X2+t aX2y +t Xy +tsX +tgy +17

poly32 tixZ+ 1t X2 +tay? + 1 X2y +tsXy? +tegXy +t X +tgy+1g
poly33  tixZ+1ty3 +t X2+t 42+t X2y +1gXy2 +t Xy +tgX +toy +1 19
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Appendix D

Optimization Solvers

The optimization solvers, and their respective release version, thaere used in this
research are listed in Table D.1.

Table D.1: The optimization solvers that were used in this research. @ Noncom-
mercial; C: Commercial.

Solver Developer Version License Ref.
IPOPT A. Wachter and L. T. Biegler 3.12.9 NC [18]
FILTERSD Roger Fletcher 1.0 NC [91]
fmincon MathWorks 7.6 C [17]
pattersearch MathWorks 3.4.2 C [136]
CPLEX IBM 12.8.0.0 NC/C [100]
GUROBI Gurobi Optimization 7.5.2 NC/C [135]
intlinprog MathWorks 7.6 C [137]
BARON Nick Sahinidis 18.8.23 C [22]
SCIP Tobias Achterberg et al. 5.0.1 NC/C [21]
BONMIN Pierre Bonami et al. 1.8.6 NC [138]
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Appendix E

Working Fluids

Table E.1 lists some of the properties of the working uids that are sl in the
thesis. These working uids were selected based on their availability #Steam (and
REFPROP) and for being thermodynamically suitable with the plant spei cations
discussed in Chapter 3 and Chapter 4.

Table E.1: Properties of the working uids that were used in the thas.

Molecular
Working Fluid Name Tarit [K]  Perit [bar] Weight
R134a 1,1,1,2-Tetra uoroethane 374.2 40.59 102.0
R143a 1,1,1-Tri uoroethane 345.9 37.61 84.04
R152a 1,1-Diuoroethane 386.4 45.17 66.05
R218 Octa uoropropane 345.0 26.40 188.0
R227ea 1,1,1,2,3,3,3-Hepta uoropropane 374.9 29.25 170.0
R236ea 1,1,1,2,3,3-Hexa uoropropane 412.4 34.20 152.0
R236fa 1,1,1,3,3,3-Hexa uoropropane 398.1 32.00 152.0
R245ca 1,1,2,2,3-Penta uoropropane 447.6 39.41 134.0
R245fa 1,1,1,3,3-Penta uoropropane 427.2 36.51 134.0
R290 Propane 369.9 42.51 44.10
R32 Di uoromethane 351.3 57.82 52.02
R600 n-Butane 425.1 37.96 58.12
R600a IsoButane 407.8 36.29 58.12
R60la IsoPentane 460.4 33.78 72.15
RC270 Cyclopropane 398.3 55.80 42.08
RC318 Octa uorocyclobutane 388.4 27.78 200.0
C5F12 PerFluoroPentane 420.6 20.45 288.0
CF3l Tri uoroiodomethane 396.4 39.53 195.9
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Appendix F

Attached Files

Table F.1 lists the les that are included with this thesis. These les argrovided
to support the work presented in this thesis. The les can be downdaled from:
https://1drv.ms/f/s!Avj6NgoXKYyRgchKNsDIuswfO6 XDmw

Table F.1: Files included with the thesis.

Folder Description

EO Toolbox The latest version of optimization tools and linearization
functions discussed in the thesis. Requires JSteam and
OPTI installed.

Basaran ORC The SM and algebraic EO models of the Basran ORC
system.

DOE Pilot Plant The SM and algebraic EO models of the DOE Pilot
Plant. Also includes the mixture study.

USGeo Plant The SM and algebraic EO models of the USGeo Plant.

Magmamax Binary The SM and algebraic EO models of the Magmamax

Power Plant Binary Power Plant.

JSteam The JSteam MATLAB Interface v1.72 and JSteam Ex-
cel Add-In v3.20 that were used in this research.

OPTI Toolbox The OPTI Toolbox v2.28 that was used in this research.
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