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ABSTRACT

ADVANCED CAPACITY AND DISPATCH CO-DESIGN FOR THE TECHNO-ECONOMIC
OPTIMIZATION OF INTEGRATED ENERGY SYSTEMS

This thesis explores the techno-economic performance of integrated energy systems by means of a
linear optimization framework performed using direct transcription inside the DTQP environment.
Over operational and financial time horizons, the model co-optimizes generating and storing tech-
nologies to maximize net present value (NPV) under different techno-economic assumptions. The
basic dynamics of the subsystems are specified, with a special focus on balancing important phys-
ical and financial domains to enable effective decision-making within the framework of capacity
and dispatch optimization.

Three sample case studies — natural gas with thermal storage, wind power with battery sys-
tems, and nuclear energy with hydrogen storage — are thoroughly analyzed in order to extend
the basic concept, including sensitivity analysis. To assess their impact on ideal investment and
deployment policies, key input parameters such as carbon tax levels, power and fuel prices, and
capital and operating expenses are methodically changed. Results show that some factors, such
as generator capital expenditures, especially electricity prices and energy prices, have an unusual
influence on economic results, while others have little effect at all. These results are presented us-
ing scenario-specific outputs, comparison graphs, and trajectory-based insights, providing useful

guidance on model robustness and decision-critical assumptions.
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Chapter 1

Introduction

1.1 Integrated Energy Systems: Motivation and Concepts

Integrated energy systems (IESs) represent a paradigm shift in the conceptualization, opera-
tion, and assessment of modern energy systems. Historically, conventional energy systems for
electricity, natural gas, heating and cooling, and hydrogen were developed in isolation with lit-
tle interconnection. The combined efforts of urbanization, digitalization, climate regulation, and
enhancements in system design have catalyzed a new generation of interconnected, multi-vector
systems. To achieve enhanced flexibility, efficiency, and resilience across scales from the building
to the national level [1], these systems integrate several energy carriers and infrastructures using
both physical and virtual coupling technologies.

Power-to-gas (P2G) technologies and integrated heat and power units, which simultaneously
provide thermal and electrical outputs, facilitate the use of excess or underutilized energy across
several vectors. The fundamental principle of IES is to use synergies to enhance the equilibrium
between supply and demand, reduce environmental impact, and bolster the overall resilience of
energy service provision. In addition to technical systems, the connection encompasses the digi-
tal, financial, regulatory, and economic dimensions that affect energy system planning and opera-
tion [1].

From a systemic standpoint, IES has become clear as a necessary route to reach targets for the
worldwide energy transition. The energy trilemma, which captures the simultaneous demand for
decarbonization, supply security, and social acceptability, is a main force behind this integration.
Thus, the move toward integrated systems is a reaction to complicated, linked policy and society
goals as much as a technical reconfiguration. Often referred to as the total energy system approach,
IES promotes novel interactions between energy production, distribution, and consumption across

power, gas, heat, and transportation domains [2].



This whole-system view calls for fresh approaches to assessing energy efficiency. Integration
brings about emergent behaviors and reciprocal interdependencies, requiring multidimensional
evaluation systems that can handle technical, environmental, economic, and social effects simul-
taneously. Because they cannot adequately represent the extent and complexity brought forth by
integration, existing assessment systems are typically insufficient. Thus, thorough evaluation ap-
proaches are required that can accommodate future uncertainties and balance trade-offs across
several objectives and system levels [2].

Integrated energy systems seek to provide flexible, efficient, and sustainable energy services
by leveraging the convergence of energy vectors, infrastructures, and markets, representing a con-
ceptual and practical departure from previous models. In addition to a technological challenge,
the development and deployment of such systems is strategically essential to align with long-term
global energy and climate objectives [1,2].

The historical development of energy systems models has paralleled the growing complexity
of energy planning and policy, shifting from resource adequacy and cost-effectiveness to broader,
long-term sustainability goals. Energy system models from the late 20th century mostly empha-
sized linear programming methodologies to facilitate fossil fuel-centric policy. More sophisti-
cated modeling techniques are necessary to address the specific interdependencies of IES, since the
twenty-first century presents climate challenges, renewable integration, and decentralization [3].

IES profoundly questions the hitherto compartmentalized character of national and regional
energy systems. Integrated systems now need models that can account for interactions between
supply and demand across vectors like energy, heat, hydrogen, and transportation, and resolve
spatial and temporal variability. Especially when trying to evaluate the viability of high-renewable
or hybrid systems depending on intermittent resources, conventional models fail to capture such
characteristics. Emerging modeling techniques therefore seek to increase accuracy in real-time
distribution, account for dynamic demand patterns, and include social elements and uncertainty in

system-level assessments [3].



The shift toward hybrid systems, including nuclear-renewable systems, highlights even more
the change in energy infrastructure paradigms. These systems are designed to take advantage of
the complementary qualities of variable and dispatchable resources. For example, although wind
power adds unpredictability and calls for balancing systems, nuclear generation offers a steady
baseload. By allowing energy to be stored during times of surplus and recovered during short-
ages, thereby boosting both operational flexibility and economic performance, hydrogen storage is
increasingly seen as a practical method to handle such fluctuation [4].

A clear example of integrated system architecture is a hybrid nuclear-wind system including
hydrogen storage. This arrangement successfully decouples generation from demand by allowing
both power generation and long-duration storage, unlike typical single-vector systems. This not
only improves dependability but also helps decarbonization by allowing large proportions of re-
newables without sacrificing system economy. Particularly when based on modular and scalable
nuclear technology, studies have demonstrated that such integration can boost the internal rate of
return and raise grid responsiveness [4].

These illustrations together show the driving force behind integrated energy systems: the ne-
cessity to create flexible, multi-vector infrastructures capable of tackling challenging societal goals
such as decarbonization, energy security, and affordability. IES presents a good basis for resilient
and sustainable energy futures by using a systematic viewpoint, including technical, financial, and

environmental layers [3,4].

1.2 Coupling Mechanisms and Technologies in IES

In IES, an efficient capacity and deployment co-design depends on a thorough knowledge of the
fundamental coupling technologies and physical mechanisms. This section reviews important cou-
pling interfaces, system models, and operational dynamics, including P2G, CCS, and hydrogen-
based systems, and highlighting their roles in improving flexibility, economic performance, and

control inside integrated energy frameworks.



Combining Hydrogen Fuel Cells (HFCs), Carbon Capture and Storage (CCS), and P2G in lo-
cal energy systems presents a complex approach to handle carbon reduction and renewable energy
absorption. Two new modeling models [5] — PCH_SGWH (Power-to-Gas + CCS + HFC with Set-
ting Gas With Heat) and PCH_SEWC (P2G + CCS + HFC with Setting Energy With Carbon) —
allow complete coupling of electricity, gas, heat, and carbon flows within unified operational con-
texts. Constructed on coordinated plans, these models use HFCs for hydrogen-based cogeneration,
CCS for CO, needed for methanation, and P2G for hydrogen-based conversion of excess power.
Their main breakthrough is in recording energy-flow interactions and using control techniques to
balance system costs, operational flexibility, and emissions [5].

P2G uses this design to turn extra renewable electricity into hydrogen, either methanated using
collected CO, or straight utilized in HFCs to co-generate heat and electricity. Methanation al-
lows excess hydrogen to be converted into synthetic methane using captured CO,, enabling easier
storage and compatibility with existing natural gas infrastructure. SGWH stresses cogeneration,
guiding excess hydrogen to methanation, whereas SEWC promotes more general system-wide
optimization by hydrogen and carbon interaction, controlling outputs. With up to 44.7% cost sav-
ings and 64.4% emissions reductions, simulation findings demonstrate SEWC provides exceptional
wind integration and emissions reduction [5]. One important analytical realization is the hydrogen-
carbon balance equation, fundamental to system operation. Here, carbon serves as a co-reactant to
provide the strategic flexibility required to satisfy carbon objectives and accept fluctuating renew-
ables; hydrogen serves as the internal energy vector.

Combining a stepped carbon pricing mechanism with a techno-economic dispatch model lets
one evaluate system cost sensitivity to carbon policy. PCH_SEWC shows better economic viability
under certain conditions [5]. These linked systems build a basis for low-carbon, high-flexibility in-
frastructures with great significance to regional energy and climate plans by linking electricity, gas,
and heat networks, including carbon reuse. The indicator is proposed to measure coupling dynam-

ics: directionality of energy conversion, separating capacity from real-time coupling. Case studies



and simulations show how different degrees of coupling affect system efficiency and operational
constraints [6].

Harmonic instability due to frequency coupling and wideband control effects is first presented
as a new challenge in converter-dominated systems. It presents as waveform distortion and grows
worse with low Short-Circuit Ratio (SCR). High-order system integration is made possible with
frameworks such as the Component Connection Method (CCM) by modeling techniques like state-
space averaging, dq transformations, Harmonic State-Space (HSS), and Harmonic Transfer Func-
tions (HTF) [7]. From an interdisciplinary perspective, multi-vector energy networks (MVELs)
stress institutional layer and energy type integration. Three classes of coupling include local
(downscale), system-wide (upscale), and cross-vector integration. Key physical interfaces include
P2G and Combined Heat and Power (CHP). Interdependencies require coordinated controls, digital
infrastructure, and regulatory harmonization [8].

To underline the need for coupling mechanisms in reaching low-carbon system design, a whole-
systems modeling lens is important to grasp how both real-time and structural couplings affect
dispatch methods and investment results [8]. Proposed for integrated energy planning is OMNI-
ES, a bottom-up linear programming tool. It integrates CO, tracking and net-zero limitations
and co-optimizes electricity, hydrogen, methane, and liquid fuel infrastructures across sectors and
geographical nodes. Simulations demonstrate the ways in which hydrogen storage, carbon capture,
renewables, and network enhancements help to reach climate objectives by capturing temporal and
geographical fluctuations [9].

Emphasized as flexibility enablers are Power-to-X (P2X) technologies included in hybrid re-
newable energy systems (HRES). P2X promotes multi-sectoral energy flow by transforming excess
power into chemical, thermal, or gaseous carriers. In many different fields, hydrogen is essential
in connecting sporadic supply with demand. The gaps are observed in short-term dynamics and
control in current HRES modeling, such as limited studies on day-ahead and real-time scheduling

of P2X-integrated systems [10]. Advanced optimization and Al-based predictions are advised if



one is to fully maximize P2X potential. Hydrogen turns out to be the main primary vector for
operational synergy across subsystems.

Some IES architectures rely on thermal energy storage (TES) to support the variable nature of
renewable energy. It basically separates supply from demand by storing surplus heat generated at
low-power rates or high renewable production and releasing it when peak energy demand arises.
Sensible heat storage stores energy by increasing the temperature of materials such as water or
stone. Latent heat storage relies on phase change processes, typically involving melting and so-
lidification, to store energy. Sorption-based storage stores energy through reversible adsorption
or absorption between working pairs. Among the several applications for every method — which
have corresponding advantages — are residential heating, industrial thermal operations, building
HVAC (heating, ventilation, and air conditioning) systems, and thermal power cycles. Combining
TES into IES tightens the coupling across the electricity, heating, and transportation sectors as well
as decreases renewable curtailment and boosts system flexibility [11].

Integration of TES into natural gas combined cycle (NGCC) plants with post-combustion car-
bon capture (PCC) presents one rather fascinating use for TES in flexible low-carbon power sys-
tems. Under this system, hot TES balances the parasitic thermal load connected with solvent
regeneration for carbon capture, while cold TES cools the gas turbine inlet air to increase power
production. Made to charge independently from plant operation, these TES subsystems maximize
low-cost electricity during times of high renewable energy supply. Under thermodynamic and fi-
nancial simulations, the integration of TES improves net present value (NPV), enhances dispatch
flexibility, and strengthens the operational feasibility of NGCC + PCC systems, with the combined
use of hot and cold TES delivering consistent financial benefits and the most favorable outcomes
in every case [12].

Lastly, Integrated Demand Response (IDR) is introduced to exploit cross-vector flexibility by
enabling energy carrier substitution — e.g., using gas or heat instead of electricity during peak
load. Smart energy hubs and sectoral complementarity improve demand-side response, supporting

system reliability and adaptability [13]. These coupling technologies and modeling frameworks



form the physical and operational backbone upon which advanced dispatch and planning strategies
must be developed — linking real-world infrastructure to the optimization objectives explored in

this thesis.

1.3 Modeling and Optimization Techniques for IES

Integrated control and decision-support systems capable of managing multi-vector interactions
in real-time are desperately needed as IESs become more complex. The use of sophisticated op-
timization and machine learning (ML) techniques to enable coordinated planning and operation
presents a potential path in this domain. These systems aim to co-optimize the management of
energy carriers, including gas, heating, and electricity, under a single analytical framework. Fur-
thermore, although ML allows exact forecasting and adaptive management in response to changing
inputs such as renewable generation and consumer demand, optimization methods are crucial in
the control of the practical details of cross-vector energy flow [14].

Recent studies provide a methodical classification of IES modeling techniques covering hybrid
designs that combine data-driven prediction tools and independent optimization models. Princi-
pal applications of ML include demand pattern prediction, renewable energy output projection,
and system performance anomaly identification. Combining ML insights into optimization pro-
cesses enhances day-ahead planning, system adaptability, and operational decision-making under
uncertain situations [14].

Although the application of optimization and ML methods to IES has advanced, completely
integrated frameworks that run successfully in real-time situations still lag far behind. Particularly
to support carbon-neutral energy goals via enhanced responsiveness and coordination across sys-
tem levels, current research refers to the requirement of coherent architectures that mix predictive
intelligence with optimization skills [14].

Advanced modeling approaches have evolved for regional integrated energy systems (RIES)
in response to the increasing complexity and environmental sensitivity of energy infrastructures.

One such strategy combines natural gas, thermal, and electrical networks on a single platform.



First, defining the structural and functional interdependencies among the subsystems, this frame-
work then connects them using an energy hub model adept at organizing energy conversion and
distribution decisions over vectors [7].

The key novelty of this approach is the integration into the optimization model of various
carbon emissions trading schemes. This assures that environmental objectives — more notably,
emissions reduction — are deeply rooted in economic cost control. For instance, carbon credits,
such as the U.S. Section 45Q tax credit in [15], are precisely shown inside the techno-economic
framework. Using the credit, which provides $85 per metric ton of CO, sequestered over a 12-year
period, the optimum deployment strategy of combined-cycle gas turbine facilities with carbon
capture is shaped. The optimization model combines this policy incentive using a two-period NPV
analysis, accounting for both the credit-eligible years and the subsequent non-credit years, so as
to capture the changing economic situation during the lifetime of the plant. This approach ensures
that incentives for emission reduction are not only included during the design stage but also directly
influence operational decisions performed right now inside the energy hub architecture.

Conversely, the optimization model in [7] solved with the Fruit Fly Optimization Algorithm
lets the energy hub act as a centralized coordinator distributing energy flows in real time, con-
sidering energy balance, equipment constraints, and external network restrictions. Three operating
scenarios — following electricity demand, following heat load, and optimal scheduling — are used
in testing the system.

In the larger framework of debates on IES, managing the uncertainty caused by changing de-
mand and variable renewable energy generation is a key difficulty. A strong optimization frame-
work has been proposed to address this challenge for the multi-objective planning of linked gas,
heat, and power systems. This method develops a model that aims to concurrently minimize fuel
costs, lower wind energy curtailment, and smooth out peak-valley disparities in power demand
via a combination of strong optimization approaches that rely on particle swarm optimization

(PSO) [16].



With an eye toward wind specifically, the suggested model views the IES as a whole, including
natural gas pipelines, district heating systems, electric grids, and renewable sources [16]. Energy
conversion ratios results show that well-coordinated planning across several linked subsystems
may efficiently smooth out load variations and maximize energy conversion efficiency across sev-
eral energy sources. The paper [16] also improves multi-energy system planning by adding a
new goal — minimizing electrical load variance — to increase operational resilience under uncer-
tainty. Using PSO and accounting for complicated conversions like P2H (power-to-heat) and H2P
(heat-to-power), the proposed model achieves efficient energy allocation with optimal shares from
outsourced electricity (31.29%), P2H (16.49%, power-to-heat), and G2H (13.56%, gas to heat).

A primary challenge to dispatch optimization in multi-energy systems (MES) is the seasonal
fluctuation in energy demand and renewable resource availability, especially in systems that in-
corporate solar energy and combined cooling, heating, and power (CCHP) technologies. In this
concept, Following Operation Cost (FOC) is suggested and assessed against more standard meth-
ods such as Following Electric Load (FEL) and Following Thermal Load (FTL) in order to handle
this. Three criteria, such as operational cost (OC), carbon dioxide emissions, and primary energy
consumption ratio, form the basis for the comparative assessment. Findings examined over several
seasons help to reflect the dynamic performance of every method. Subsequently, a hybrid system
is developed to produce better results in terms of cost-efficiency, emissions reduction, and energy
usage of customization in dispersion modes to seasonal circumstances — employing FEL in win-
ter and FOC during other months. These results underline the need for season-aware dispersion
planning in the development of operational sustainability [17].

The many energy vectors and dynamic operating circumstances involved in multi-energy mi-
crogrids (MEMGs) have made the control and coordination of them more difficult. This is ad-
dressed by a hybrid control system combining fuzzy logic (FL) with model predictive control
(MPC), therefore enhancing real-time energy management across the domains of power, heating,

cooling, and hydrogen.



Unlike traditional static optimization methods, this intelligent control system enables adaptive
and predictive operation, resulting in modest yet meaningful improvements: a 9.56% operating
cost savings, a 2.8% CO, emissions reduction, and less reliance on gas and electric boilers [18].
Furthermore, the method raises the state of charge of storage facilities, therefore strengthening
the MEMG’s resilience and self-sufficiency. Reference [18] demonstrates how dynamically mul-
tifaceted multi-vector control systems can enhance efficiency and autonomy in distributed smart
energy networks.

Expanding the operational scope of IES, a coordinated dispatch strategy explicitly involving
district heating networks (DHN5) into the wider MES architecture is given [19]. This approach
offers a two-layer DHN model comprising temperature correction equations and dispatch con-
straints to more clearly characterize the heat-power coupling across numerous CHP units than
earlier models that either simplify or eliminate thermal transmission dynamics. An iterative opti-
mization method decouples thermal and electrical fluxes, therefore allowing more responsive and
efficient system coordination. Case studies in [19] based on an operational MES in Changchun,
China, show that this method improves dispatch performance under varying wind generation and
different heating demand. Consequently, the results show the strategic importance of DHNs in
regulating CHP-centric MES settings and provide a scalable modeling approach for main thermal
infrastructure development.

In the field of multi-energy systems, buildings act as dynamic energy nodes capable of offering
both fast and delayed flexibility through assets including HVAC systems, lighting, electric vehi-
cles (EVs), and battery storage. Developed to coordinate these resources inside hybrid building
energy systems, a model-based predictive dispersion technique [20] helps to enable simultaneous
participation in day-ahead energy markets, peak shaving programs, and ancillary service supply.
Combining predictive optimization with a genetic algorithm lets the system distribute flexibility
depending on user comfort limits and resource behavior. Results of simulations reveal a 26.1%

decrease in power expenses, attained without sacrificing indoor environmental quality or battery

10



state-of-charge. By means of coordinated multi-service involvement, this framework positions
buildings as active market players, therefore releasing operational and financial value.

Although the energy hub model has proven useful in the simulation of energy vector interac-
tions, its simplified operational assumptions often fail to capture the full complexity of real-world
system behavior. In response, the traditional energy hub framework via the incorporation of practi-
cal operational constraints that include part-load efficiency curves, equipment minimum runtimes,
and storage degradation, is developed. These refinements allow for more accurate representation of
system dynamics for devices such as heat pumps and thermal storage units, and remain compatible

with mixed-integer linear programming (MILP) [21].

1.4 Techno-Economic Assessment and Control Co-Design for

IES

Many aspects of the energy industry, including energy supply networks, transportation, storage,
and consumption, have been profoundly affected by the always-shifting and rising energy demand
coming from different technical breakthroughs, such as renewable energy and vehicle electrifica-
tion. This rise in demand for power corresponds with environmental legislation imposing stricter
carbon emissions criteria. Moreover, more consistent and flexible output will determine the stabil-
ity of the electrical grid and the profitability of energy producers. Integration of several generating
and storing systems offers a good way to adjust to such regulations and satisfy the rising energy
consumption of our society [1]. This integration is positioned to transform the energy market
economy and presents an integrated strategy towards energy systems [2].

Closely connected to IES [1] and hybrid energy systems (HES) [4], the integration of var-
ious generation and storage systems provides more flexibility and resilience of the energy sup-
ply/demand [22]. For certain utility firms, it also encourages fresh business models to better fit
political, socioeconomic, scientific, technical, and financial changes. Utility companies are busi-
ness entities; therefore, their long-term viability depends on consistent revenue generation (finan-

cial sustainability). Higher penetration of renewable energy sources, fluctuating fossil fuel prices,
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stricter environmental rules, etc., however, might reduce the economic competitiveness of some
technologies in combination.

For instance, the most costly per-unit electricity — often generated by nuclear power — is
preferred last when other sources are not accessible owing to complexity, capital intensiveness,
building time, etc. With little intermittency, the retirement of NPPs, which account for about a
fifth of the total electricity output and half of the non-fossil fuel-based electricity generated in
the United States, points to a shifting energy scene whereby NPPs need flexibility in base load to
remain competitive [23].

By structuring such technologies as a component of integrated energy systems, running con-
currently with other generators, functions like CCS, and energy storage units, one might perhaps
boost their economic competitiveness. An NPP may, for instance, store energy during times of
excess supply to maximize the selling price of energy. The stored energy can subsequently be
sold straight as electricity or in another energy/complementary form, including thermal energy or
hydrogen, depending on the storage method. While hydrogen may either be sold for use in fuel
cells or the steel production sector, the thermal energy can be sold straight [24] to chemical plants
for use in industrial operations.

The flexibility gained by including these generators in the framework of integrated energy sys-
tems must be adequate to overcome the capital and operational cost of the technology during its
lifespan, therefore being economically viable. Often, at the center of examining how the inte-
gration of additional units (such as generator and storage) and functions (such as CCS, district
heating/cooling, etc.) could influence the economics of the whole system is a techno-economic
evaluation, expressed here as an NPV target. It is also fundamental in any retrofit design project
inside a structured energy system.

Capacity and dispatch optimization help to maximize NPV by means of storage capacities
(i.e., plant variables), sought power, charge, and discharge decisions (i.e., control variables). Con-
trol co-design (CCD) [25] is the result of this combination and design choice consideration. In-

tegrated energy systems for an NGCC with TES and CCS [26], light water reactor (LWR) with
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various TES technologies [23], and a nuclear power plant with hydrogen production [27] have
been investigated in the framework of this class of problems.

When applied with high-fidelity, non-linear technical models, the resultant dynamic optimiza-
tion problem is typically computationally costly. For example, [28] considered a 24-hour horizon
and solved the problem 365 times, therefore lowering the computational cost compared to solving
the problem for a complete year. Effective early-stage decision-making calls for ideally mini-
mal assumptions and changes outside the basic techno-economic ones required for evaluation. To
evaluate different system configurations and scenarios for integrated generator and storage energy
systems, an effective and flexible computational framework that can capture subsystems’ basic
dynamics, restrictions, and NPV economic analysis is very much needed.

The fact that feasibility assessments of several system configurations/architectures are usually
needed before choosing the most advantageous solution motivates this computational framework
even more. By considering the fundamental dynamics of subsystems, one may evaluate several
system designs with flexibility without devoting a prohibitive amount of resources to the research,
building, and optimization of high-fidelity models. The balance of authenticity maintained in
the proposed framework helps to evaluate general system performance without the necessity of
determining particular subsystems and components, since particular system components, charac-
teristics, and performance criteria are often unknown in early-stage design and will be decided in
later steps. Ultimately, a flexible framework should enable engineers with technical expertise in
the area, as well as those with less technical backgrounds, such as stakeholders and investors, who

are often among the main decision-makers in the sector, to negotiate the decision-making process.

1.5 Sensitivity and Uncertainty Analysis in Integrated Energy

Systems

The growing complexity of IESs makes knowledge of their behavior under uncertainty essential

for guaranteeing strong design and optimal operation. Sensitivity analysis is a recognized method
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employed to examine the effects of variations in design parameters, external factors, and policy
choices on system performance and resilience.

Using sensitivity models to assess the cost of carbon emission reduction (CER) techniques at
both local and global levels, [29] presented a bi-objective optimization framework to concurrently
reduce operational costs and carbon emissions. The study produced an equally distributed Pareto
frontier to enable decision-making without depending on subjective assumptions and highlighted
how system flexibility — defined by thermal inertia and battery capacity — impacts operational
results [29].

Within the framework of building-integrated energy systems, a main design difficulty is unpre-
dictability resulting from user behavior, environmental circumstances, and energy market volatil-
ity. Mixed-integer linear programming was used to assess, using a sensitivity-based approach, how
these uncertainties affect the ideal layout of building systems [30]. The results of the sensitivity
analysis indicate that equipment sizes can vary by up to 100% when robustness is considered, com-
pared to systems designed using traditional deterministic methods. The authors of [30] underlined,
therefore, that the necessity of strong techniques is system-specific and advised a practical first
step of deterministic sensitivity analysis.

Sensitivity analysis has also been extended to linked electricity-heating systems, in which dy-
namic interactions between subsystems are bidirectional. The effect of distributed coupling units
on general system behavior was investigated using a technique utilizing sensitivity factors obtained
from a coupled Newton-Raphson power flow model [31]. Particularly in systems running in both
power-led and heat-led modes, this method achieved calculation time savings of up to eightfold
and enhanced accuracy over conventional electric-only sensitivity measurements.

These studies demonstrate how sensitivity and uncertainty analysis facilitate informed decision-
making in the design and operation of IES, thereby enabling planners to predict the consequences

of parameter variability, increase flexibility, and enhance system-wide resilience.
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1.6 Thesis Overview

This work offers the creation and proof of an open-source framework in MATLAB for evalu-
ating the economic feasibility of generator and storage systems through CCD, thus referred to as
ECOGEN-CCD. Inspired by basic dynamics of subsystems, ECOGEN-CCD develops the capac-
ity and dispatch dynamic optimization problem that can be effectively implemented and solved
using the open-source MATLAB software DTQP [32,33], which uses direct transcription with an
automated optimization problem generation for linear-quadratic dynamic optimization problems.

ECOGEN-CCD is an open-source tool that is made publicly available in [34].

1.6.1 Significance

This research looks at a critical decision support problem in the (integrated) energy systems
domain that has to be solved quickly and repeatedly to help decision makers move toward energy
systems that are more sustainable, robust, and cost-effective. The proposed optimization-based
framework meets this challenge by combining the fundamental technical design and financial sus-
tainability of IES with a CCD framework that directly maximizes NPV within the limits of practi-
cal operations. Furthermore, the basic IES architecture supports investigations into many different
technologies and policy settings with flexibility for future expansion. In the system development
lifecycle, this work focuses on making early-stage decisions with the necessary techno-economic
rigor, as demonstrated by several IES case studies involving diverse generator and storage tech-
nologies. This framework differs from many previous models in that it is specifically designed
to balance model fidelity/details and evaluation time, resulting in a valuable framework for both

technical analysts and high-level stakeholders.

1.6.2 Remaining Content

The remainder of the thesis is organized in the following manner: Chapter 2 starts by describing
some motivations for the proposed framework and then discusses optimization framework archi-

tecture, problem elements, techno-economic considerations, and problem formulation. Chapter 3
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is focused on the demonstration of the proposed framework using three case studies with different
generator and storage technologies, including an NGCC with TES and CCS, wind energy with
battery energy storage, and an NPP with hydrogen generation and storage. In addition to present-
ing baseline optimization results, the chapter includes comprehensive sensitivity analyses for each
scenario to assess the impact of key techno-economic parameters on system design, operation, and
economic performance. Chapter 4 summarizes the key findings, discusses the limitations of the
current framework, and outlines potential directions for future work, including model expansion,

integration with uncertainty quantification, and real-time operational considerations.
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Chapter 2
Methodology

2.1 Design Framework for Integrated Energy Systems

This section delineates the IES architecture, problem components, techno-economic factors,
and the capacity and dispatch optimization problem.

Figure 2.1 describes the general architecture of an IES considered in this framework. A va-
riety of generators (e.g., natural gas combined cycle (NGCC) power plant, wind farm, or nuclear
power plant (NPP)) and storage units (e.g., thermal energy storage (TES), battery energy storage
system (BESS), or hydrogen storage) define an Integrated Energy System. The system could also
incorporate additional purposes (such as district heating and cooling, CCS, etc.), which differ in
associated expenditures and energy demand.

The generator unit in this thesis is described by the subscript ¢, and responsible to produce
electricity from an energy vector (e.g., natural gas) by often converting it first to a primary energy

domain (e.g., thermal energy), and ultimately converting it to electricity with efficiency of 7g:
generator’s primary energy domain —= electricity (2.1)

The intended IES configuration suggests that the generator may have access to three distinct kinds
of storage systems, categorized through the subscript 5. Those storage systems are described
based on their key energy domain. The first storage system uses the generator’s primary domain,

p, to store energy. In an NGCC power plant, for instance, thermal energy dominates all other en-
ergy categories and is the primary energy domain. For this generator, thus, a TES unit serves as the
primary storage mechanism. In this work, the secondary energy domain is always electrical, ¢ .
Therefore, the second storage type directly stores energy as electricity (e.g., through a BESS). A
third storage facility, on the other hand, ¢, is included to enable the usage of electricity to develop

a new product, commodity, service, or energy storage in a distinct medium, such as hydrogen. The
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Figure 2.1: Illustration of ECOGEN-CCD integrated energy system (IES) architecture

storage system is characterized by charge = and discharge 0 signals, with attention to the orien-
tation of the arrows. Energy drops over the transmission process might influence the charge signal.
Consequently, its efficiency is represented as ﬁ. The storage’s output efficiency is characterized

A
as 1.:

charging signal i) storage (2.2a)
storage i) discharge signal (2.2b)

This reasonable classification of efficiencies helps us to consider future additional factors, in-
cluding the distance between facilities, which might affect the efficiency of energy transmission.
Denoted as ¢p, a supplemental revenue-oriented control signal finds the percentage of the dis-

charge signal that is immediately turned into revenue via direct sales. For example, the quantity
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of released hydrogen sold at current hydrogen pricing will be found from the revenue signal. The
remaining product will be burned and sold as power.

Including several purposes might lead to additional load needs. For instance, running a CCS
unit — assumed to be in operation anytime the generator is on — requires extra thermal and
electrical demands in addition to auxiliary electrical loads. Shown as a particular proportion of the
energy level of the power plant, these loads depend on the present power level of the generator.
In a hydrogen plant (tertiary storage), a high-temperature steam electrolysis (HTSE) process also
requires both thermal and electrical energy. These load needs, however, are active only once a
choice is taken to produce hydrogen from the surplus power. These loads rely on the tertiary
charging signal, expressed as a particular proportion of its present value.

The upper section of Figure 2.1 covers some details on the electric energy technologies, in-
cluding fuel cost, carbon tax, and dispatchable versus non-dispatchable types of resources. The
lower section illustrates a case for a collection of homogeneous generators (e.g., a wind farm) in
the presence of multiple functions and storage types. The nodes in this figure, which are described
by nq, ..., ng are used to formulate some of the necessary constraints within the optimization

problem and are mathematically described in Table 2.1.

2.2 Problem Variables

This section addresses specific issue factors derived from a thorough example, including a
set of homogenous generators with possible access to all three storage types in between, both
primary and electrical loads. The future phase of this effort will involve the integration of the
capability to concurrently operate numerous non-homogeneous generators. In the future, it is
anticipated that a more sophisticated integration of storage units inside the toolbox would allow
for the simultaneous incorporation of several storage topologies (e.g., two battery storage units and

one hydrogen storage unit) with ECOGEN-CCD.
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Plant Variables: The capacity of each storage type is a size selection determined by the opti-

mizer and signifies the variables for plant optimization X:

S = [Sp, 25, Zr)” (2.3)

Note that the vector of plant optimization variables reduces in size if the study does not include all
three storage types.

Control Variables: In total, four types of control variables are presented and divided into two
parts: storage and generator variables. Every energy storage system involves three control vari-
ables, one for charging the storage (w.), one for discharging the storage ‘0., and one for determin-
ing the fraction of discharge u. i that is directly used to generate revenue without any intermediate
steps. In addition, the operator can request a specific power from the generator through a control

command, described as u¢(t). The vector of control variables can then be defined as:

u(t) = [uc(t), us(t)]"

(2.4)
= [ug(t), usp(t), usp(t), wer ()"
Here, every storage control vector ug. (t) consists of three variables:
us. () = [ @ (1), @(t), wr()] (2.5)

As in the prior situation, the size of the control vector depends on whether certain storage types
are incorporated into the analysis.
State Variables and Associated Dynamics: One state variable pertains to the generator, which

defines its power level with a specified ramp rate of 7:

Fal(t) =~ (~2(t) + ug (1) 26)
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Each storage system is characterized by a state variable that denotes the current accessible amount
of stored energy inside that system.
For the most comprehensive scenario, where three different storage facilities are included, the

storage dynamics are described by:

Charge Discharge
—_—
ip(t) Tp up(t) wp(t)
E5(t) = |ig(t)| = | Tpust) | — | us) 2.7)
I'T(t) T 4T 71“(25) ﬁT(t)

where apr denotes the conversion rate from electricity to the tertiary commodity. The problem
dynamics are expressed by specifying storage states in vector format and augmenting them with

the generator state.

@(t) = Az(t) + Bu(t) (2.8)
ta(t) _ —1/7 0| |zg(t) . /7 0] |ug(t)
m.s(lf) 0 0 $3<t) 0 bs ’U;S(t)

where by is the appropriately-sized matrix:

bs=|0 0 0 7 -1 0 0 0 0 (2.9)

—\

0 0 0 0 0 0 apT NT —1 0

2.3 Additional Constraints and Objective Function

Constraints

This section presents all of the time-independent and time-dependent constraints in the dynamic

optimization problem.

21



The storage capacities are non-negative. Therefore, the following constraint is imposed on
plant variables: each storage-related decision variable must satisfy a minimum value threshold of
zero to ensure physical feasibility.

0< X (2.10)

The power required from the generator must be non-negative and must not surpass the gener-
ator’s net nominal capacity. Similarly, the charge and discharge signals are non-negative and do
not surpass the maximum energy transfer rates into and out of the storage system, respectively.
The current input parameters for maximum and minimum energy transfer rates will be included in
the array of potential plant optimization elements in the future, akin to [26]. The restrictions are

concisely articulated in vector notation as:

0 < u(t) < um(t) (2.11)

The revenue-generating component of the control signal in Eq. (2.11) is non-negative and less than

or equal to the discharge signal:

upr(t) < up(t) (2.12a)
upr(t) < up(t) (2.12b)
urg(t) < ur(t) (2.12¢)

The power output of the generator must be non-negative and not more than its nominal capac-
ity. For systems like nuclear or natural gas combined cycle (NGCC), requesting a specific allowed
power output from the generator is reasonable, given simplifying presumptions that include the
absence of temperature dependency on operation or maintenance schedules. Solar and wind in-
termittent technologies rely on the availability of renewable resources. The intrinsic intermittency
of the resource makes the electricity produced by such technologies non-dispatchable. Conse-

quently, it is imperative to control the generator state x(¢) by an input signal denoting the degree
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of resource availability. This results in the later restriction on the state of the generator:

wG,min@) < .’Bg(t) < CUG,max(t> (213)

where x(t) denotes the generator’s state, and T max(t) is an upper bound that is established
based on nominal capacity, or the availability of renewable resources. Further details that cover
the construction of @ max(t) for a wind farm are included in Section 3.2.

The stored energy amount has to be non-negative and less than the storage system’s capacity:

0<ms(t) <X (2.14)

which shows a fundamental link between some states and the plant characteristics. For all the state
variables, the beginning states are prescribed. Furthermore, it is assumed that the storage system

has the same stored energy level at ¢, as the last time ¢ :

(to) = 20 (2.15a)

CBS(tf) = mg(to) (215]3)

where the latter equation is optional as certain shorter, consecutive time spans do not require this
assumption [26].

Apart from the upper limit set by the maximum energy transfer rate for charging the storage
system in Eq. (2.11), it is essential to guarantee that the charging signal is smaller than or equal to

the available power in the generator. This is explained with the aid of nodes arranged in Figure 2.1:

up(t) < ny(t) (2.162)
up(t) < ns(t) (2.16b)
ur(t) < nq(t) (2.16¢)
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where Table 2.1 provides the mathematical equations connected with all the nodes nq, . . ., ng.
Furthermore, the generator’s load-satisfying signals Lgp, Lgg, and Lpp are non-negative.

This condition ensures that electricity does not transfer from the storage system to the generator.

These signals are likewise constrained by the generator’s available power. These constraints are

formulated as:

0 < Lgpr(t) < ns(?) (2.17b)
0 < Lep(t) < ns(t) (2.17¢)

Objective Function

In this study, the objective function is the maximization of Net Present Value to evaluate the

economic feasibility of a given technology, which is calculated as:

" Vpro %, t
maximize NPV = —Ccap(E)—i-/ ot (8 &, 2, >dt (2.18)

to D(t)

where C.,, are the capital expenses, vpmﬁt(t) is calculated as a function of expenses and revenues,
and D(t) is the discounting function (money is ‘worth’ more now than in the future). A more
detailed explanation of techno-economic parameters is provided in the next chapter. An annualized

discounting function is defined as follows:
D(t) = (1 + r)rea® (2.19)

where r is the discount rate and year(t) is the integer number of years that have passed since .

These intermediate quantities are now discussed in detail.
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Table 2.1: Node signal definitions with lexical interpretation from Figure 2.1

Lexical interpretation ‘ Mathematical description

Initial available primary-type power ‘ ni:rg

Available primary-type power after | no : vg — wp
charging primary storage units

Primary power available after fulfill- | ng : z¢ — 713 — Lap
ing the primary load requirements

Primary power available after meet- | ny : x¢ — U\p — Lap — Lapr

ing the primary load for tertiary op-
erations

—\

Electrical power available after | ns : ng(r¢ — up — Lap — Lapr)
considering power conversion effi-
ciency

—\

Electrical power available after | ng : ng(rg — up — Lap — Lepr) — up
charging the electrical storage

Electrical power available after | n; : ng(zg — Up — Lap — Lepr) — g — Lop
meeting the electrical load demand

Electrical power available after | ng : ng(rzg — Up — Lap — La PT) — Up — Lop — Ur

meeting the electrical load require-
ments for tertiary operations

Electrical power available after | ng : ng(rg — up — Lap — Lapr) — up — Lop — wr+
. . A N —\
burning the tertiary product Qe N7 UT — Qe NTUTR

—\ N\ —\

The generator’s primary energy out- | Lgp = Lprg — 1np up + 7pupgr
put to satisfy the primary load de-
mand

Primary power provided by the gen- | Lopr = Lpr ur
erator to fulfill the primary load de-
mand for tertiary operations

Electricity generated to fulfill the | Lgp = Lprg — W\E Up + ﬁEuER
electrical load demand
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2.4 Tehno-Economic Considerations

First, the sources of revenue and expenses in Eq. (2.18) are examined to develop the NPV
objective function, where its negative value in the results shows profit while a positive value shows

loss.

Expenses

All expenses included in the techno-economic study — capital expenditures, constant and vari-
able operations and maintenance costs, fuel expenses, carbon tax prices — are listed in this section.
Capital Costs: In this thesis, it is assumes that the capital cost, C,, ,consists of overnight

capital costs defined as Cy.., and costs carried over the period of construction represented as C':

C1cap = C’occ + C1cp (220)

where C,. supposes that all the building takes place instantaneously. This eliminates changes in
the cost of products and financial expenses (including the loan, inflation, discount rate, etc.). This
enables possible studies in the analysis [35] on the influence of building periods, inflation rates, etc.
Expanded in great depth in [36,37], C,,.. comprises direct construction costs, indirect construction
costs, contingencies, and the owner’s cost.

C., covers all expenses, including financing, inflation, escalation, etc., accumulated throughout
the construction time. This parameter is sensitive to the choice of financial factors, including
discount rate, debt-equity ratio, interest rate, interest during construction (IDC), etc. In this study,
this term is simplified similarly to the methodology presented in [38], to account for the costs over

the period of construction through a simple model characterizing IDC:

C’cap = Cocc(l + C'idc> (221)
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where Ciq4 is calculated as a function of the construction time 7.,,, and the discount rate r is
estimated as:

2
T T
C'idc - _Tcon + _T2

2.22
2 6 con ( )

Inclusion of more advanced financial parameters [26], such as loan, depreciation, etc., is a future

work item for this framework. Entirely, ECOGEN-CCD’s capital cost is expressed as:
Ccap = [Coccc + COCCPEP + C'occE EE + COCCTET]<1 + Cidc) (223)

Operation and Maintenance (O&M): Fixed and variable O&M costs define the primary com-
ponents of O&M expenses. Expressed as Ch,n, fixed O&M expenses comprise routine system
maintenance, decommissioning, component replacement, etc. These expenses rely solely on the
duration of the operation. For storage systems, these expenses vary with storage capacity (e.g.,
higher capacities necessitate more frequent and prolonged maintenance).

Fixed O&M costs C,, are then calculated as:
Cfom (t) = CfomG + C’fomp EP + CfomE EE + CfomT ZT (224)

Variable O&M costs, expressed as Ci,,,, reflect the non-fuel portion of the costs that vary by
the amount of energy generated or supplied (such as water usage, waste disposal fees, lubricants,
cooling agents, treatment chemicals, and other consumable operating materials that are depleted
or used in proportion to output). Therefore, these costs depend on the power level of the unit,

expressed as:

Ciom(t) = Crome®a(t) + Cromp ( ﬁP ?p(t) + @(f) ) (2.25a)
+ Coomp ( M up(t) + Ug(t)) (2.25b)
+ CvomT( QT 77“ ?T(t) + ﬂT@) ) (2250)
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Fuel Costs: The fuel cycle cost, defined as Cf,(t), encompasses both front-end and back-end
for nuclear components — such as supply, conversion, enrichment, fabrication, transportation, and
waste disposal — whereas for fossil fuels, it typically includes only the front-end costs as received
directly from the market.

On nuclear power plants, however, the back-end expenses defined as Fy(t) also factor as a

fraction of the front-end expenses:

Efuel<t) = pfueleuel(t)xG’(t) + Bfuel<t) (226)

where pg,e 1s the conversion factor between the power output of the generator and fuel consumed,
Chuer(t) is the instantaneous fuel price, and By, (t) is the back-end cost (again, mainly necessary
for waste management and disposal in nuclear power plants).

Carbon Cost: To render the societal cost of carbon emissions apparent, carbon cost, denoted
as CO,, adopts a carbon tax rate to promote the creation of clean power. The cost of carbon is

therefore calculated as:

Eco,(t) = Cco,aco,preata(t) (2.27)

where Cco, is the carbon tax, and aco, is the amount of CO, produced per unit of fuel.

Revenue

The operator can make money, either directly selling power to the grid without using storage or
using storage to sell primary energy, electricity, or a tertiary product. Using their different prices,
the total income is calculated for every energy industry. The optimum energy flow that maximizes
the target function is dictated by price arbitrage among main, electrical, and tertiary sectors.

As an example, revenue earned by selling stored thermal energy to chemical plants (first term
in Eq. (2.28)) is calculated as a function of thermal energy prices C'p(t), discharge efficiency ﬁp,

and the revenue control signal upg(t). The revenue control signal may turn on mostly at times
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when thermal energy costs are quite high and electricity prices are low, allowing the system to op-
timize economic gains by using suitable market circumstances. This technique enables deliberate
action of system components to convert and store energy in forms that provide more returns. For
some commodities, including hydrogen, electricity may be used to create the commodity, which
can then be stored and later sold back to the grid when market prices are favorable. This gives
the system more adaptability and financial viability. Mathematically, one may characterize the

resultant income from these activities as:

R = Rp(t) + Rp(t) + Rr(t) (2.28)
= Cp(t) mpupr(t) + Cp(tnera(t) — Cp(t)ne up(t)
— Cp(tyneLpoa(t) + Cp(t)ne mp wp(t)
— Cu(tyne Tpupr(t) — CenaLpr r — Cp(t) up(t)
— Cp(t)Lpza(t) + Cu(t) Tg ug(t) — Cp(t) wr(t)
+ areC(t) N wr(t) — amCp(t) Nrurr(t)

+ CT (t) ?TUTR(t)
where:
* Cp(t): price of the primary energy (e.g., natural gas, coal, or biomass)

» Cg(t): electricity market price at time ¢

o Cp(t): price of the tertiary commodity or product (e.g., hydrogen, heat, or other value-added

outputs)

2.5 Optimization Problem Formulation

Upon identifying all problem elements, the economic feasibility of a potential IES may be

assessed through the optimization of capacity and dispatch within a thorough problem formulation:
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changing:
maximize:

subject to:

where:

with:

* g(-) is the vector of inequality constraints, associated with Egs. (2.10)—(2.17c).

repetitions, V.

u(t), z(t), 2

NPV(t, u,x, 3, d)
g(t,u,z,%,d) <0
@— f(tu,x,5,d) =0
x(to) =

a(t;) = @(ty) (optional)
uw=u(t), =z

t e [to,tf], ly = th

d is the vector of problem parameters.

Equation (2.29d) refers to system dynamics described in Egs. (2.6) and (2.7).

(2.292)
(2.29b)
(2.29¢)
(2.29d)
(2.29¢)
(2.29f)
(2.29¢)

(2.29h)

Periodic conditions are defined in Eq. (2.29h) using a base period ¢, and the number of

User-adjustable periodic conditions can be modified according on the availability of price sig-

nals, the relevant time horizon, and additional parameters.

Moreover, an optimization model shown in Figure 2.2 is built to highlight the relationships

among several problem components. Its components are explained in Table 2.2. As thoroughly

reported in mathematical optimization literature [39], the choice of units can negatively influence

problem scaling and lower its efficacy. By carefully altering the order of magnitude of problem

parts, one may generate a computationally favored problem, therefore avoiding unstable and in-

effective algorithmic computations [40]. Solving the case studies in this thesis without suitable
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Figure 2.2: Optimization model with inputs and outputs

Y

Y

scaling using 10~% solver tolerance, for instance, can occupy up to a day of computing effort. This
is thus because the optimizer will devote a lot of effort maximizing for 10~5th of a dollar value.
From a more general standpoint, it is abundantly evident that 10~5th of a dollar value is negligible
during the lifespan of the project, with an NPV value in the millions of dollars. The problem may
be solved in less than 280 seconds by applying a scaling factor of 10° for the goal function and
suitably selected scaling factors for other problem parts, therefore indicating a significant rise in
computing efficiency. Reference [40] offers a more thorough review of scaling in dynamic opti-

mization situations.
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Table 2.2: Summary of optimization model input and output parameters

Parameter Group | Symbol Description
Cost Parameters Ceap Capital expenditure for system components

Ctom Fixed operational and maintenance costs

Clom Variable operational costs

Chuel Fuel costs

Cco, Carbon emission tax

Teon, T Construction time and discount rate
Price Signals Cp Market price of primary energy

Cg Electricity market price

Cr Price of tertiary product (e.g., hydrogen)
Load Parameters Lp Primary energy load

Lg Electricity load

Lpr, Lgr Additional loads for tertiary storage
Technical Parameters | ng Generator efficiency

T Ramp rate constraints

X max umax

Maximum allowable state and control vari-
ables

Qco, CO, emission factor

Ptuel Fuel consumption rate

ﬁ? Electricity-to-thermal and thermal-to-electric

efficiency

QpT, QTR Tertiary energy conversion efficiencies
Variables by Total storage capacity

Ta, TS States of generator and storage

Uq, UR Control decisions for power and revenue

u Charging control signal

W Discharging control signal
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Chapter 3

Results and Discussion

This section provides several case studies to demonstrate the effectiveness of the proposed
framework. These studies are selected to highlight, to the extent possible, different operational
modes that employ various technologies and storage types. The common characteristics among
these methods are delineated in Table 3.1.

While different time intervals, including minute-by-minute decision-making, can be used as
appropriate, this work with ECOGEN-CCD defaults to an hourly time mesh inside DTQP. The
zero-order hold strategy is suitable during these periods as the control decisions are piecewise con-
stant, and so there is no discretization error for the state dynamics. Then, the dynamic optimization
problem is discretized via direct transcription using an equidistant mesh and a composite Euler for-
ward quadrature method. Based on the current assumptions described in the previous section, the
resulting capacity and dispatch optimization problem becomes a linear optimization problem. Us-
ing MATLAR’s linprog optimization solver, the convexity feature of the problem may be efficiently
handled for the global optimal solution; although, given the problem matrices from DTQP, dif-
ferent solvers may be used. linprog used a solver tolerance of 10~ using the dual-simplex-highs
algorithm. A single desktop workstation with an AMD Ryzen 9 3900X 12-core processor at 3.79
GHz, 32 GB of RAM, 64-bit Windows 10 Enterprise LTSC version 1809, and Mat 1ab R2024a

was used to obtain the results.

Table 3.1: Cost parameters for generator and storage technologies used in Case Study I, II, and III

Generator Storage
Parameters - - - - :
Capital Cost Wind Nuclear Unit TES BESS Unit Hydrogen Unit
Nominal capacity 1083 200 2156 MW - 50 MW 640 tpd
Coce 0 1.265M 6.041M $/MW | 1.049M 347k $/MWh  600.074 $/kg
Ctom 12.2k  26.34k 121.64k $/MW-yr 479 0.718 $/MWh-h 0 $/kg-yr
Clom 1.87 0 237  $/MWh 0.75 0 $/MWh 0.288 $/kg
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3.1 Natural Gas Combined Cycle with Thermal Energy Stor-

age and Carbon Capture and Storage

Using CCS technology, fossil fuel-based generators, including NGCC power plants, are con-
sidering a reduction in carbon emissions in line with projected environmental laws. The addition
of a CCS reduces net plant efficiency and power output, therefore increasing energy prices [41]. As
discussed in [26,42], integrating the system with a thermal energy storage (TES) offers a workable
mitigation strategy.

This study assumes that the current NGCC power plant, already built and equipped with a CCS
unit (thus saving overnight building expenses), will be updated to include a TES system. The
CCS only operates during the plant’s running state. Specified as a predetermined percentage of the
generator’s power output, the CCS function is defined by a thermal and electrical load required for
the operation of the CCS unit. As such, these electrical and thermal loads show up in the problem
and need to be taken care of each time the generator runs. Including a hot thermal storage unit
in the design lets operators efficiently remove certain parasitic thermal loads from the power plant
during times of high energy prices, therefore maximizing profits. The investigated system is shown

in Figure 3.1, and specific technology-dependent parameters are shown in Table 3.2.

Functions Storage Revenue

&
> < _I

Y

Figure 3.1: IES candidate for Case Study I: A natural gas combined cycle power plant with thermal storage
and a carbon capture and storage system. The section colored pink and green illustrates the primary energy
domain and the electrical domain, respectively.
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Table 3.2: Parameters associated with Case Study I for an NGCC generator with CCS and a TES largely
based on [26]

Field Value Unit Field | Value Unit
Pruel | 146.952  kg/h MW aco, | 0.0029 ton/kg

7| 0.1389 h e 1 -

UG, min 0 MW UG, max 1083 MW
L@, min 0 MW L@, max 1083 MW
xs(t0> 25 MWh xg(tf) 25 MWh
Tmax 200 MW U | 200 MW
Lp 0.1zg MW Lg | 02zg MW
Teon 3 years r | 0.075 —

Using an hourly time mesh encompassing 262,980 time grid points, this problem is investigated
over a 30-year operational period. It is hypothesised that thermal energy cannot be directly sold;
rather, it may only be used to supply the thermal load demand from CCS. Tables 3.1 and 3.2
illustrate the main derived input parameters for this case study, largely obtained from [26,43].

A globally optimal solution is effectively obtained in only 1000 [s] thanks to linearity and
convexity. The results of this case study are expanded upon below and shown in Figures 3.2.

Closely related to the cost of electricity and fuel is the performance of the proposed generator
and storage system in the optimization problem. First, a two-year period of the full 30 years is
shown in Figure 3.3, including generator discharge, storage use, and power exported to the grid
under varying electricity price conditions. The findings are examined for a designated period
between hours 580 to 620 taken from the larger simulation horizon shown in Figure 3.2, thereby
enabling a more detailed study of the system behavior.

Figure 3.2 highlights two time periods where: (1) corresponds to low electricity prices and 2) is
associated with high electricity prices. Accordingly, as illustrated in Figure 3.2a, electricity prices
are low in the area defined by (1), so using the generator is generally unprofitable. Nevertheless,
as Figure 3.2b shows, this period (1) offers the generator a good opportunity to charge the storage
unit. Figures 3.2c show the charge and discharge signals during this period. As seen in Figure 3.2d,

the electricity sold to the grid during () is zero.
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Figure 3.2: Case Study I: Optimal state and control variables for NGCC generator with TES and CCS

Conversely, the period (2) shows how the system responds to a scenario whereby the electricity
prices are really high. Running the generator at full or high capacity during this period is advan-
tageous (see Figure 3.2a). High power prices also drive the discharge of stored energy during this
period, per Figures 3.2b and 3.2c. In this phase, the released thermal energy removes the gener-
ator’s thermal load to CCS, therefore enabling a rise in output of electricity to the grid. This is
illustrated in Figure 3.2d.

Overall, the optimal storage capacity is found to be 25 [MWHh], and the NPV is —1.07 x 10? [$].
These results rely on several critical assumptions that should be reconsidered to evaluate a specific
site location. Additionally, current historical market signals were derived from [44,45], but in-
cluding predicted future market signals (e.g., from [46,47]) could assist in the decision-making

process by evaluating the prospective grid composition and climate change. Even with these cur-
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Figure 3.3: Case Study I: Results over the first 2-year period

rent assumptions, the expected trends are observed, and ECOGEN-CCD can be used as a strong
framework for the early-stage investigation of these generator and storage technologies. Evaluat-
ing the distribution of many functions and requirements across the plant’s lifespan might provide
insights into its optimal performance. Specifically, Figure 3.4 shows how the energy produced by
the generator is utilized. Specifically, 70% of the generator energy is sold to the electricity grid,
while 20%, 0.43%, and 9.57% are used for electric load, charge, and primary load, respectively.
The relatively small share of the generator in satisfying the primary load is made possible through
the inclusion of the thermal energy system, which is responsible for satisfying 95.7% of the ther-
mal energy demand from CCS according to Figure 3.4b. As shown in Figure 3.4c, the storage

system is responsible for about 0.695% of the overall revenue.
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(a) Generator energy (b) Primary load (c) Revenue

Figure 3.4: Breakdown of various elements in Case Study I: (a) Generator energy usage, (b) Primary load
contributions, and (c) Revenue contributions

3.2 Wind Farm with a Battery Energy Storage System

In this case study, we examine an on-shore wind farm with a sizable plant footprint running
at 200 [MW] in the Great Plains area together with a 50 [MW] battery storage. The wind farm
parameters are based on an example with 71 wind turbines and a nominal capacity of Pryeq =
2.8 [MW] with a rotor diameter of D = 125 [m] and a hub height of 90 [m] [43]. Variations in
wind speed produce variations in the power output generated for the grid, thereby compromising
the stability and quality of power. Consequently, a BESS is required to reduce these negative
effects [48]. High power density and energy efficiency of lithium-ion batteries make them an
interesting energy storage method for wind farms [49]. Thus, here is into consideration a utility-
scale lithium-ion battery including 25 modular, prefabricated battery storage container structures
[43].

Here, the operator can request a specific power output from the generator, and the wind farm
operation is primarily determined by the availability of wind. Using wind speed v,,(t) as an ad-
ditional time-dependent input to the model, the upper bound of Eq. (2.13) was estimated for each

turbine based on the wind speeds, wind farm specifications, and the capacity factor of ¢, = 0.55:

1 7D?
Pw = cpépairTUw(t)B (31)
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Functions Storage Revenue

Figure 3.5: IES candidate for Case Study II: A wind farm with a battery energy storage system

Table 3.3: Parameters associated with Case Study II for a wind farm connected to a battery energy storage
system, largely based on Ref. [43]

Field | Value Unit  Field | Value Unit
Pfuel 0 kg/bMW  aco, 0 ton/kg

T 0 h e 1 -
UG,min 0 MW UG,max 200 MW
xG,min 0 MW :Cqmax 200 MW
Umax 50 MW T 50 MW
Lp 0 MW Lg | 0.1zg MW
Teon 5 years r | 0.075 -

where p,, 1s the wind power, and p,;, 1s the air density. The maximum wind power is assumed to
happen at v,, = 25 [m/s], and the turbine is off for wind speeds above this value. All of the power
vector elements greater than p,eq are saturated at this value. Finally, the available power output
takes into consideration the number of wind turbines in the farm.

Tables 3.1 and 3.3 list the input values related to this case study. Figure 3.5 shows the proposed
system whereby the necessity to run auxiliary equipment in the facility results in an electrical load.

Figure 3.7 shows the first two years of the study, including generator discharge, storage utiliza-
tion, and power exported to the grid under different electricity pricing circumstances.

Unlike in the previous scenario, the availability of wind and wind turbine characteristics mostly

determines the generator power level here. Consequently, the generator in Figure 3.6a gathers all
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Figure 3.6: Case Study II: Optimal state and control variables for a wind farm with a battery storage unit

the wind power for which it is suitable. Conversely, the choices on charge and discharge are mostly
influenced by the cost of electricity. Figure 3.6c makes it abundantly evident that the charge signal
lowers and the discharge signal rises under high-electricity pricing. As seen by region (1), in
Figures 3.6b and 3.6c, this causes very substantial decreases in the storage state. The power sold
to the grid stays very low, as the wind power accessible in this period is slightly less than that of
the surrounding time periods (Figure 3.6). This is seen in Figure 3.6d.

The NPV is 0.80 x 10? [$], showing that for a sizable wind farm, a utility-scale BESS has the
potential to be economically competitive. The optimal storage capacity is 15 [MWh]. Figure 3.8
displays the percentages related to the energy generated by the generator and the shares of the gen-

erator and storage unit from the electrical load and income. Accordingly, 1.18% of the generated
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Figure 3.7: Case Study II: Results over the first 2-year period

energy is used to charge the BESS, while 8.88% is used to satisfy the electric load demands. Over
the project’s life, the storage will satisfy 11.2% of this load demand, and the generator will satisfy

the remainder. Finally, generator contributions to the revenue are estimated as 98.4%.

3.3 Nuclear Power Plant with Hydrogen Production and Stor-

age
Since they are one of the energy sources with low carbon emissions after hydropower, nuclear
power plants (NPPs) are increasingly important in the future of the electrical industry [50]. Still,
low power prices from other generating sources, as well as other complications, call for their eco-

nomic sustainability to be questioned. Conversely, the hydrogen market has grown remarkably
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(a) Generator energy (b) Electrical load (c) Revenue

Figure 3.8: Breakdown of various elements in Case Study II: (a) Generator energy usage, (b) Electrical load
contributions, and (c) Revenue contributions

both in the United States and internationally, more than threefold since 1975 [51]. The expanding
market for hydrogen presents a unique opportunity for NPPs to enter other markets, as the integra-
tion of NPPs with other markets and technologies has the potential to maintain NPPs’ competitive-
ness [4,52,53]. This case study, shown in Figure 3.9, examines how NPP may be integrated with a
hydrogen facility and storage. This hybrid operation [53] enables them to strategically (depending
on economics) generate hydrogen or sell power to the grid, therefore releasing NPPs from their
conventional baseload. Here we investigate an NPP with two pressurized water reactors (PWR),
whereby the heat produced by the fuel in the reactor is expelled into the surrounding pressurized

cooling water.

Functions Storage Revenue

&

A

Figure 3.9: IES candidate for Case Study III: A nuclear power plant with hydrogen production and storage
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Table 3.4: Parameters associated with Case Study III for a nuclear power plant connected to a hydrogen

production and storage facility, largely based on Refs. [43,52,53,57,58]

Field | Value Unit Field | Value Unit
preel | 0.001  kg/h MW aco, 0 ton/kg

T 1.79 S e 1 -

UG, min 0 MW %G max 2156 MW
LG min 0 MW 2¢ max 2156 MW
xs(to) 500 kg wxg(ty) 500 kg
Umax | 1065 MW Upae | 27990 kg/h
Lp| 01w MW Lg | 0.lzg MW
Teon 7 years r | 0.075 -
agr | 0.0377  MWh/kg arg | 29.762 kg/MWh

After passing through a steam generator, the pressurized water absorbs the heat without boil-
ing and then runs through a steam turbine to create energy. Using the high-temperature steam
electrolysis (HTSE) technique [54], hydrogen is generated, requiring both thermal and electrical
connections to the NPP. This work assumes that for every unit of power, 10% thermal energy is
needed to generate hydrogen based on load requirements recorded in [53]. The thermal demand
is then established as a function of the input electricity from the tertiary charging signal, therefore
guaranteeing that the thermal loads are only present when a choice to manufacture hydrogen is
taken. While hydrogen market prices are assumed to be set at 7.0 [$/kg] of hydrogen, which is in-
side the price range provided in [55], the cost of the fuel is created based on projections published
in [56]. Mostly based on [43, 53], the cost parameters for the NPP and the hydrogen generation
and storage facilities are shown in Table 3.1. Table 3.4 shows the remaining problem parameters.

Under the following constraint, informed by hydrogen market operations and the reality that
sales of hydrogen may only occur at prescheduled periods, this case study addresses a discrete
daily demand:

ift =8 AM

umaxa

0 S ’U,TR(t) S (32)

0, otherwise
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Figure 3.10: Case Study III: Optimal state and control variables for a nuclear power plant with a hydrogen
production and storage facility

According to this equation, hydrogen sales can only occur between 8 — 9 AM on a daily basis.

Figure 3.10 shows the zoomed-in results after 30 years of operation. Figures 3.10a show that
the NPP power level remains at the maximum level over both periods when electricity prices are
low (1) and when they are high (2). As shown by Figure 3.10b, the level of hydrogen storage rises
and falls correspondingly depending on period (1) and (2). Direct sales of hydrogen, which become
feasible daily between 8—9 AM, produce a periodic discharge of hydrogen, in which most of the
discharged hydrogen is directly sold to the market, per Figure 3.10c.

The power sold to the grid is shown in Figure 3.10d, where it is evident that the power sold to

the grid is high in region (2) when the electricity prices are high.
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(a) Generator energy (b) Revenue

Figure 3.11: Breakdown of various elements in Case Study III: (a) Generator energy usage, and (b) Revenue
contributions

The optimal storage capacity is 195930 [kg|, with the NPV of —2.94 x 10° [$], indicating that
under current assumptions, including retail prices, facility costs, and lifetime of the facility, the
project needs further time to become profitable. Figure 3.11a indicates that from the total genera-
tor’s energy, 78.7% was directly sold to the electricity grid, while 10.2% was used for charging the
tertiary hydrogen storage, 10% was used to satisfy auxiliary electrical loads', and 1.02% was used
to satisfy the primary load demand for HTSE. In this case study and with the presented assump-
tions, the storage is responsible for 7.48% of the generated revenue over the lifetime of the project.
This result is shown in Figure 3.11b.

Based on [59], 60% to 70% of the cost of power produced by NPPs is directly related to
capital costs. Since NPPs are characterized by large capital investments, the consideration of
potential uncertainties in overnight construction costs can inform project management, planning,
and scheduling. It can also provide unique opportunities for understanding risks — informing

further actions to protect investors [38].

'Current results assume these auxiliary electrical loads can be met by the NPP itself, which is generally not the case.
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3.4 Sensitivity Analysis Results

3.4.1 Implementation of Sensitivity Analysis in ECOGEN-CCD

A fundamental analytical tool used to identify how variations in input parameters (parameters
and variables) affect the outputs of a model or system is sensitivity analysis. A sensitivity anal-
ysis is performed to evaluate the economic feasibility and resilience of integrated energy system
topologies under different technological and financial settings. This study investigates how im-
portant input parameters in Figure 2.2, including carbon tax rates, fuel costs (e.g., natural gas),
electricity prices, and capital costs associated with both generators and storage technologies, im-
pact the objective function of the ECOGEN-CCD optimization model. Important determinants
of system performance and profitability are found by methodically perturbing key inputs, hence
guiding improved design, investment, and policy decisions.

Sensitivity studies, which involve methodically scaling each input over a wide range, help
evaluate the impact of key cost factors on system performance. Particularly, three storage-related
cost components — fixed O&M, variable O&M, and overnight capital cost — are individually
changed as well as the generator’s capital cost and variable O&M. Every parameter is varied across
50 values, logarithmically spaced between 10% and 300% of its starting value. This amounts to a
relative shift of —90% to +200%, therefore covering both major price escalations and cost-cutting
situations. This method enables a thorough investigation into how variations from nominal values
impact optimal storage size and NPV, thereby revealing information on the cost sensitivity and

economic resilience of the system.

3.4.2 Sensitivity Analysis of Case Study I

With a focus on energy use and generator and TES income contributions, a sensitivity study
was done to evaluate how different the carbon tax rate affected system performance. The basic
solution is a carbon tax of 65 [$/ton]; other scenarios show variations around this nominal value.

Generator energy use is constant at 70% of system operation, with 20% allocated to fulfill electrical
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Table 3.5: Case Study I: Impact of carbon tax on system’s optimal NPV and operational metrics with carbon
tax of 65 [$/ton] is considered for optimal case

Carbon Tax GenEnergy % LGE % Charge % LGP % GenPrim % Storage Prim % GenRev % Storage Rev % NPV (x10%)

0 70 20 0.373 9.63 96.3.1 3.73 99.4 0.594 -1.138
15 70 20 0.36 9.64 96.4 3.59 99.4 0.594 -1.148
25 70 20 0.377 9.62 96.2 3.77 99.4 0.61 -1.155
35 70 20 0.388 9.61 96.1 3.87 99.4 0.624 -1.606
45 70 20 0.418 9.58 95.8 4.17 99.3 0.664 -1.165
55 70 20 0.415 9.59 95.9 4.15 99.3 0.668 -1.169
65 70 20 0.432 9.57 95.7 4.31 99.3 0.695 -1.173
70 70 20 0.449 9.55 95.5 4.49 99.3 0.722 -1.175
75 70 20 0.449 9.55 95.5 4.49 99.3 0.722 -1.176
80 70 20 0.491 9.51 95.1 4.9 99.2 0.775 -1.177
85 70 20 0.509 9.49 94.9 5.09 99.2 0.799 -1.179
90 70 20 0.521 9.48 94.8 52 99.2 0.816 -1.180
95 70 20 0.555 9.45 94.5 5.54 99.1 0.86 -1.183
100 70 20 0.548 9.45 94.5 5.47 99.1 0.855 -1.183
105 70 20 0.565 9.44 94.4 5.64 99.1 0.877 -1.187
110 70 20 0.58 9.42 94.2 5.8 99.1 0.9 -1.188
150 70 20 0.593 9.41 94.1 5.93 99.0 0.994 -1.189
200 70 20 0.732 9.27 92.7 7.31 98.8 1.16 -1.189
250 70 20 0.856 9.14 91.4 8.55 98.7 1.3 -1.190
300 70 20 0.654 9.35 93.5 6.54 98.8 1.21 -1.190
350 70 20 0.762 9.24 92.4 7.61 98.7 1.31 -1.190

load needs, as stated in Table 3.5 and visually shown in Figure 3.12. These figures show the
generator runs constantly throughout the carbon cost spectrum, not sensitivity to carbon pricing.

While the fraction of generator energy allocated to direct primary thermal load shows a mi-
nor decrease as the carbon tax rises from 15 to 300 [$/ton], the TES charging activity increases
gradually from 0.373% to 0.762% to fulfill CCS thermal demands, thus improving the emission
cost efficiency. The breakdown of primary load satisfaction supports this trend: the TES share
increases from 3.73% to 7.61%, and the generator’s contribution lowers in line with the system’s
aim of reducing on-site combustion under more strict carbon pricing scenarios. Likewise, the rev-
enue distribution shows this change as TES’s share rises modestly from 0.594% to 1.31% with
increasing carbon taxes, so highlighting its increasing importance in reducing the operational load
of the generator and increasing profitability; conversely, the generator’s revenue share somewhat
declines from 99.4% to 98.7%, consistent with this change.

Reflecting a notable decrease in project profitability under tougher emissions penalties, the Net
Present Value falls gradually with rising carbon tax as seen in Figure 3.12, going from —1.138 x

10% [$] at O [$/ton] to —1.190 x 10° [$] at 350 [$/ton].
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Figure 3.12: Case Study I: Optimal net present value under varying carbon tax rates

Figure 3.13 shows, in Case Study I, the temporal behavior of generator output and storage
control signals over four carbon tax levels. Reflecting the growing economic penalty on emissions-
intensive generation, generator dispatch clearly shows a decrease in both frequency and amplitude
as the carbon tax rises from 25 to 300 [$/ton]. While at 300 [$/ton] its utilization is significantly
decreased, matching with lower cost-effectiveness of fossil-based production, at low tax levels
(e.g., 25 [$/ton]) the generator runs often and at high output levels. It should be noted that optimal
storage across various carbon tax values for this case study does not change and exactly matches
the baseline case where 65 [$/ton] carbon tax value is considered.

Still, the related storage activity shows a non-monotonic pattern. Storage shows both active
charging and discharging at lower tax levels (25 and 65 [$/ton]), with discharge events timing
with periods of high electricity prices. Discharge intensity lowers at an intermediate tax level
(200 [$/ton]), goes almost zero as the carbon tax value gets its 300 [$/ton] value.

This nonlinear response of storage emphasizes the intricate interaction of generator economics,
carbon price, and signals of the power market. Although increasing carbon taxes methodically
reduces generator output, the temporal structure and volatility of energy prices define the behavior
of the storage system, in addition to the possibility of avoiding generating expenses.

Benchmarked against a reference “Optimal”, Table 3.6 shows the best system outputs under

eight distinct scenarios of natural gas price multipliers ranging from 0.0001 to 0.0008. Especially,
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Figure 3.13: Case Study I: Comparison of generator state (left column) and storage control signals (right
column) at four carbon tax levels. Carbon tax value of 65 [$/ton] is considered as a baseline value in this
work.
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Figure 3.14: Case Study I: Optimal NPV under varying fuel price scenarios

in all scenarios, the generating mix stays constant at 70% Gen Energy and 20% LGE, therefore,
confirming system dependence on these sources. On the distribution of charging and LGP compo-
nents, however, there are small but consistent changes.

Rising natural gas price multipliers provide a slow rise in the fraction of generation focused
on storage, as seen in Figure 3.14. Particularly, the Storage Primary % increases from 4.21%
at a multiplier of 0.0001 to 4.42% at 0.0008, therefore showing a strategy change toward more
dependence on storage as fuel costs rise. The distribution of income shows a similar trend, although
generating still accounts for over 90% of total revenue, the proportion from storage continuously
increases and reaches a high of 0.655% in the mid-range of the multiplier spectrum.

Although all scenarios produce negative Net Present Values (NPVs), the data are nonetheless
rather important for assessing financial success. Slightly improving on the baseline of —1.173 X
109 [$], the NPV is least negative at a natural gas price multiplier of 0.0002 (—1.184 x 10° [$].
This suggests small price increases may improve cost-effectiveness. But as the multiplier surpasses
0.0003, NPVs drop dramatically, reaching —1.190 x 10° [$] at 0.0008, probably due in part to
greater reliance on costly storage options. These results demonstrate the sensitivity of system
economics to fuel pricing and suggest the existence of an ideal pricing range that strikes a balance

between environmental goals and financial feasibility.
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Table 3.6: Case Study I: Sensitivity of NPV and system metrics for Cases 1 through 8

Case GenEnergy % LGE % Charge% LGP % GenPrim %  Storage Prim % GenRev %  Storage Rev % NPV
1 (Optimal) 70 20 0.421 9.58 95.8 4.21 99.3 0.718 -1.173
2 70 20 0.438 9.56 95.6 4.38 99.3 0.725 -1.184936
3 70 20 0.439 9.56 95.6 4.39 99.3 0.653 -1.186903
4 70 20 0.439 9.56 95.6 4.38 99.3 0.652 -1.188141
5 70 20 0.448 9.55 95.5 4.48 99.3 0.665 -1.188689
6 70 20 0.475 9.53 95.3 4.75 99.3 0.701 -1.189168
7 70 20 0.446 9.55 95.5 4.45 99.3 0.659 -1.189580
8 70 20 0.442 9.56 95.6 4.42 99.3 0.655 -1.190199

Table 3.7: Case Study I: Sensitivity of NPV and system metrics to varying electricity price multipliers

Multiplier  GenEnergy % LGE % Charge % LGP %  GenPrimary %  Storage Primary %  Gen Revenue %  Storage Revenue % NPV

1 (Optimal) 70 20 0.421 9.58 95.8 4.21 99.3 0.718 -1.173
1.00E-06 70 20 0.379 9.62 96.2 3.79 99.4 0.608 -1.16
5.00E-05 70 20 0.398 9.6 96 3.98 99.4 0.63 -0.159
7.00E-05 70 20 0.396 9.6 96 3.96 99.4 0.627 -0.159

0.0003 70 20 0.311 9.69 96.9 3.11 99.5 0.453 -0.97
0.0005 70 20 0.267 9.73 97.3 2.67 99.6 0.352 +1.82
0.0007 70 20 0.219 9.78 97.8 2.19 99.8 0.183 16.2

Applying a range of multipliers from 1 x 1075 to 7 x 10~ investigated sensitivity to change in
the price of electricity. Variations in electricity prices have no appreciable effect on the generator
dispatch or storage use behavior at lower multipliers, as Table 3.7 summarizes. With 20% assigned
to electrical load and almost 0.421% utilized to charge the thermal energy storage, the generator
energy stays stable at 70%. But over 3 x 10~* electricity price multipliers cause a clear change in
system viability.

For smaller multipliers, the NPV stays quite flat at around —1.159 x 10° [$]; however, it grows
significantly as the growth rate increases. Under higher power market conditions, the NPV ap-
proaches 16.2 x 10° [$] at a multiplier of 7 x 10~%, suggesting a significant increase in eco-
nomic feasibility. Figure 3.15 shows this behavior, where the NPV trajectory transitions from
near-constant to exponential growth.

Sensitivity analysis of storage related cost parameters (such as Coec, Crom, and Cyop) shows
that changing these parameters — individually up to three times their nominal values — does
not produce any significant variation in optimal storage capacity or net present value, as seen in

Figure 3.16. The economic performance of the system is essentially unaltered, exactly matches the
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Table 3.8: Case Study I: Sensitivity of NPV to Cocc, multiplier

Coccc NPV (10°) | Coece NPV (10°) | Coee, NPV (10°)

0.100 —0.126 0.107 —0.134 0.115 —0.143
0.123 —0.153 0.132 —0.163 0.141 —-0.174
0.152 —0.186 0.163 —0.199 0.174 —0.212
0.187 —0.227 0.200 —0.242 0.215 —0.259
0.230 —-0.277 0.247 —0.296 0.264 -0.317
0.283 —0.339 0.304 —0.362 0.325 —0.388
0.349 —0.415 0.374 —0.444 0.401 —0.475
0.430 —0.508 0.460 —0.544 0.494 —0.583
0.529 —0.624 0.567 —0.668 0.608 —0.715
0.652 —0.766 0.698 —0.820 0.749 —0.878
0.802 —0.941 0.860 —1.008 0.922 —1.079

0.988 —1.156 1.059 —1.238 1.135 —1.327
1.217 —1.421 1.304 —1.523 1.398 —1.632
1.499 —1.748 1.606 —1.873 1.722 —2.007
1.845 —2.150 1.978 —2.304 2.120 —2.469
2.273 —2.646 2.436 —2.835 2.611 -3.038

2.799 —3.256 3.000 —3.489

ideal outcomes of Case Study I, suggesting insensitivity to variations unrelated to storage-related
expenses within the investigated range.

A sensitivity study on the generator overnight capital cost multiplier (Cocc ) wWas conducted
across a broad range of values from 0.10 to 3.00. The NPV demonstrates a strong negative correla-
tion with increasing Co ¢, as presented in Table 3.8. As the multiplier increases from 0.10 to 3.00,
the NPV declines steeply from —0.126 x 10° to —3.489 x 10° [$], highlighting the significant eco-
nomic impact of higher capital investment costs. Relative to the baseline NPV of —1.170 x 10° [$],
the improvement at the lower bound represents an approximate increase of +89.23%, while the
deterioration at the upper bound reaches nearly —198.21%. Figure 3.17a illustrates this trend,
showing a nearly linear decrease in NPV with rising capital expenditure.

These results highlight the importance of accurate generator capital cost estimation during
early-stage design, as decisions concerning Cy ¢ clearly affect the economic feasibility of the
system. Nevertheless, despite the significant impact on NPV, variations in Cy ¢ have no effect on
the optimal storage capacity or dispatch characteristics. As a result, the operational design of the

system remains robust under changing generator capital cost assumptions.
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Figure 3.15: Case Study I: Optimal NPV sensitivity to electricity prices
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Figure 3.16: Case Study I: Optimal NPV sensitivity to storage-related cost multipliers
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Figure 3.17: Case Study I: Sensitivity of NPV and optimal storage capacity to generator-related cost multi-
pliers

System economics was assessed throughout the range of 0.10 to 3.00, where each value cor-
responds to a scalar applied to the nominal variable O&M cost multiplier. Figure 3.17b, shows
that for all multiplier values of (C\yom) the economic performance of the system is tolerant to
significant increases in Clyom,, -

The ideal storage capacity is not clearly changed by variations in the storage fixed O&M cost
multiplier (Cromg). As Figure 3.17c shows, the storage capacity stays constant at around 25 [MWh]

for the whole range of multipliers up to 3.00.

3.4.3 Sensitivity Analysis of Case Study II

As demonstrated in Figure 3.18a, NPV stays constant at 0.14 x 10° [$] across all tested mul-

tiplier values, therefore confirming total insensitivity of the system’s economic result to changes
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in Ctomg. Economic performance is not much affected by variation in the storage overnight capital
cost multiplier (Cycc ). With observed values ranging between —0.131 X 10° and —0.132 x 10° [$],
NPV varies only slightly around the nominal value of 0.15 x 10 [$], as shown in Table 3.9 and
Figure 3.18b. More than 6.5% compared to the baseline, these deviations show no obvious upward
or negative trend. The results show that the system is economically robust to fluctuations in storage
capital cost under present assumptions. Furthermore, storage size and distribution choices remain
untouched by all tested values of Co,.

With values ranging between —0.143019 x 10? and —0.143258 x 10° [$], varying the storage
variable O&M cost multiplier (Cyom) results in small and consistent variations in NPV, as illus-
trated in Table 3.10 and Figure 3.18c. These variations are minor relative to the baseline and show
a smooth, monotonic decline in NPV with increasing Cyom, indicating that system profitability is
only weakly sensitive to this parameter.

Increasing the overnight capital cost factor for generators (Co,,) causes the NPV to slowly and
linearly decrease. Table 3.11 and Figure 3.19a show that NPV steadily goes down from 0.163 X
10% [$] at a ratio of 0.10 to 0.158 x 10% [$] at 3.00. The change is minimal — less than 3.07% from
the starting value, even though the range is steady. Although C.. . has a constant effect on project
value, the system is economically stable across the range that was tried.

In Case Study II, the generator variable O&M cost multiplier (Cyom,, ) €xhibits a quite unfavor-
able effect on NPV. NPV falls from around —0.143 x 10? to —0.171 x 10° [$] when the multiplier
moves from 0.10 to 3.00 as seen in Table 3.12 and Figure 3.19b. The relationship between Cyom,,
and optimal NPV is smooth and clearly monotonic, as shown in Figure 3.19b. As the generator
variable O&M multiplier increases, the system’s profitability steadily declines. This indicates a
mild but consistent sensitivity of NPV to changes in C\om,,, With no significant local fluctuations
or numerical noise. The results suggest that while increasing generator O&M costs does reduce

NPV, the effect is gradual and predictable.
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Table 3.9: Case Study II: Sensitivity of NPV to OCCg multiplier

OCCs Multiplier NPV (10°) | OCCs Multiplier NPV (10°) | OCCs Multiplier NPV (10°)

0.100 —0.131894 0.107 —0.131895 0.115 —0.131896
0.123 —0.131897 0.132 —0.131898 0.141 —0.131899
0.152 —0.131901 0.163 —0.131902 0.174 —0.131903
0.187 —0.131905 0.200 —0.131907 0.215 —0.131908
0.230 —0.131910 0.247 —0.131912 0.264 —0.131915
0.283 —0.131917 0.304 —0.131920 0.325 —0.131922
0.349 —0.131925 0.374 —0.131928 0.401 —0.131932
0.430 —0.131935 0.460 —0.131939 0.494 —0.131943
0.529 —0.131948 0.567 —0.131952 0.608 —0.131957
0.652 —0.131963 0.698 —0.131969 0.749 —0.131975
0.802 —0.131982 0.860 —0.131989 0.922 —0.131997
0.988 —0.132005 1.059 —0.132014 1.135 —0.132023
1.217 —0.132033 1.304 —0.132044 1.398 —0.132056
1.499 —0.132068 1.606 —0.132082 1.722 —0.132096
1.845 —0.132112 1.978 —0.132128 2.120 —0.132146
2.273 —0.132165 2.436 —0.132185 2.611 —0.132207
2.799 —0.132230 3.000 —0.132256

Table 3.10: Case Study II: Sensitivity of NPV to VOMg multiplier

VOM; Multiplier NPV (10°) | VOMg Multiplier NPV (10°) | VOMg Multiplier NPV (10°)

0.100 —0.143019 0.107 —0.143020 0.115 —0.143021
0.123 —0.143022 0.132 —0.143023 0.141 —0.143024
0.152 —0.143026 0.163 —0.143027 0.174 —0.143028
0.187 —0.143030 0.200 —0.143031 0.215 —0.143033
0.230 —0.143035 0.247 —0.143036 0.264 —0.143038
0.283 —0.143040 0.304 —0.143043 0.325 —0.143045
0.349 —0.143048 0.374 —0.143050 0.401 —0.143053
0.430 —0.143056 0.460 —0.143059 0.494 —0.143062
0.529 —0.143066 0.567 —0.143070 0.608 —0.143073
0.652 —0.143077 0.698 —0.143082 0.749 —0.143087
0.802 —0.143092 0.860 —0.143097 0.922 —0.143102
0.988 —0.143108 1.059 —0.143114 1.135 —0.143121
1.217 —0.143128 1.304 —0.143135 1.398 —0.143143
1.499 —0.143151 1.606 —0.143159 1.722 —0.143168
1.845 —0.143177 1.978 —0.143187 2.120 —0.143197
2.273 —0.143208 2.436 —0.143220 2.611 —0.143232
2.799 —0.143245 3.000 —0.143258
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Table 3.11: Case Study II: Sensitivity of NPV to Coc, multiplier

Cocc; Multiplier NPV (10°) | Coce, Multiplier NPV (10°) | Coce, Multiplier NPV (10°)

0.100 0.163202 0.107 0.163190 0.115 0.163178
0.123 0.163165 0.132 0.163151 0.141 0.163136
0.152 0.163119 0.163 0.163102 0.174 0.163084
0.187 0.163064 0.200 0.163042 0.215 0.163019
0.230 0.162995 0.247 0.162968 0.264 0.162940
0.283 0.162910 0.304 0.162877 0.325 0.162843
0.349 0.162805 0.374 0.162765 0.401 0.162723
0.430 0.162677 0.460 0.162628 0.494 0.162575
0.529 0.162518 0.567 0.162458 0.608 0.162393
0.652 0.162323 0.698 0.162249 0.749 0.162169
0.802 0.162083 0.860 0.161991 0.922 0.161893
0.988 0.161787 1.059 0.161674 1.135 0.161553
1.217 0.161423 1.304 0.161283 1.398 0.161134
1.499 0.160974 1.606 0.160802 1.722 0.160618
1.845 0.160421 1.978 0.160210 2.120 0.159983
2273 0.159740 2.436 0.159480 2.611 0.159201
2.799 0.158902 3.000 0.158582

Table 3.12: Case Study II: Sensitivity of NPV to VOMg multiplier

VOM(; Multiplier NPV (10°) | VOM(; Multiplier NPV (10°) | VOM¢ Multiplier NPV (10%)

0.100 —0.143961 0.107 —0.144030 0.115 —0.144103
0.123 —0.144182 0.132 —0.144267 0.141 —0.144357
0.152 —0.144454 0.163 —0.144558 0.174 —0.144670
0.187 —0.144789 0.200 —0.144917 0.215 —0.145055
0.230 —0.145202 0.247 —0.145359 0.264 —0.145528
0.283 —0.145710 0.304 —0.145904 0.325 —0.146112
0.349 —0.146335 0.374 —0.146573 0.401 —0.146829
0.431 —0.147104 0.460 —0.147398 0.494 —0.147713
0.529 —0.148050 0.567 —0.148412 0.608 —0.148800
0.652 —0.149215 0.698 —0.149660 0.749 —0.150137
0.802 —0.150648 0.860 —0.151195 0.922 —0.151781
0.988 —0.152410 1.059 —0.153083 1.135 —0.153804
1.217 —0.154576 1.304 —0.155404 1.398 —0.156291
1.499 —0.157240 1.606 —0.158256 1.722 —0.159343
1.845 —0.160507 1.978 —0.161752 2.120 —0.163085
2.273 —0.164512 2.436 —0.166038 2.611 —0.167671
2.799 —0.169418 3.000 —0.171287
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Figure 3.20: Case Study III: Sensitivity of NPV to electricity prices

Table 3.13: Case Study III: Sensitivity of NPV to electricity price multiplier

Electricity Price Multiplier ‘ NPV (10%)

Optimal —14.95
1.000e—6 —14.32
5.000e-5 —14.16
7.000e-5 —14.08
3.000e—4 —11.82
5.000e—4 —3.22
7.000e—4 34.13

3.4.4 Sensitivity Analysis of Case Study III

The NPV of the Case Study III configuration is greatly influenced by changes in the price of
electricity. Higher electricity price multipliers cause the NPV to grow nonlinearly, as Figure 3.20
shows. The system is economically unviable at the baseline value that corresponds to an NPV of
—14.95 x 10° [$]. With NPV growing to —14.32 x 10° [$], a relative gain of about 4.21%, even
small increases in the rate of price growth, up to 7 x 107°, yield clear improvement. Beyond this
point, more important changes occur: increasing the multiplier to 5 x 10~* results in a transition
to positive NPV 3.22 x 10° [$], and at 7 x 104, NPV leaps to 34.13 x 10° [$], improving over
328% relative to the baseline loss (see Table 3.13). This trend validates the great sensitivity of the

system to assumptions about electricity prices.
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The sensitivity of NPV to the storage variable O&M cost multiplier (VOMg) reveals a threshold
response with limited economic variability. NPV increases modestly to —14.90 x 109 [$] for
multipliers below approximately 0.12, representing a 0.33% improvement from the baseline value
of —14.95 x 10° [$], but it drops to —15.00 x 10° [$] beyond this point and remains constant.
This plateau indicates that the system is tolerant to minor reductions in variable O&M costs, yet
becomes insensitive to further increases, suggesting diminishing financial sensitivity to storage
operating costs over a wide multiplier range.

Furthermore shown by Figures 3.21a and 3.21b is that changing the storage fixed O&M cost
multiplier (Cromg ) and the storage overnight capital cost multiplier (Co ) has no appreciable effect
on the economic result. The net present value stays constant at the baseline level of almost —15.3 x
10° [$] for the whole range of tested multipliers. This invariance shows that neither the optimal
storage capacity nor the project-level profitability of the Case Study III configuration depends on
storage-related fixed expenses or capital expenditures.

The generator overnight capital cost multiplier (Co,) and variable O&M multiplier (Cyom,;)
exhibit distinct influences on net present value (NPV), as seen in Table 3.16, Table 3.15, and
Figure 3.22. NPV declines almost linearly and substantially with increasing Ci.,,, falling from
2.00 x 10° [$] at a multiplier of 0.10 to —2.00 x 10° [$] at 3.00, thus indicating a severe 200%+
drop that highlights strong sensitivity to capital cost assumptions. Even moderate increases (e.g.,
Coce = 1.50) drive the NPV toward zero, emphasizing the system’s financial vulnerability to
generator investment escalation. In contrast, Cyom, produces a stepwise NPV response with four
plateaux: Phase I (Cyom, < 1.39) sustains the baseline NPV of —14.90 x 10° [$]; Phase 11
(1.40 < Cyomg < 2.12) lowers NPV to —15.00 x 10° [$]; Phase III (2.13 < Clomg < 3.00) results
in —15.10x 10? [$]; and Phase IV (beyond C\om,, > 3.00) causes a further drop to —15.20 x 10° [$].
Although VOM increases induce losses, the range of deterioration remains modest (within 2%),
implying that financial outcomes are comparatively more robust to generator O&M escalation than

to capital cost inflation.
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Table 3.14: Case Study III: Sensitivity of NPV to VOMg scale factor

VOMs NPV (10°) | VOMs NPV (10°) | VOMs NPV (10°)

0.100 —14.900 0.107 —14.90 0.115 —14.90
0.123 —15 0.132 —15 0.141 —15
0.152 —15 0.163 —15 0.174 -15
0.187 —15 0.200 —15 0.215 -15
0.230 —15 0.247 —15 0.264 —15
0.283 —15 0.304 —15 0.325 —15
0.349 —15 0.374 —15 0.401 —15
0.430 —15 0.460 —15 0.494 -15
0.529 -15 0.567 —15 0.608 -15
0.652 —15 0.698 —15 0.749 —15
0.802 —15 0.860 —15 0.922 —15
0.988 —15 1.059 —15 1.135 —15
1.217 —15 1.304 —15 1.398 —15
1.499 —15 1.606 —15 1.722 —15
1.845 —15 1.978 —15 2.120 —15
2273 —15 2.436 —15 2.611 —15
2.799 —15 3.000 —15

Table 3.15: Case Study III: Sensitivity of NPV to VOM scale factor

VOM; NPV (10°) | VOMg NPV (10°) | VOM; NPV (10°)

0.100 —14.90 0.107 —14.90 0.115 —14.90
0.123 —14.90 0.132 —14.90 0.141 —14.90
0.152 —14.90 0.163 —14.90 0.174 —14.90
0.187 —14.90 0.200 —14.90 0.215 —14.90
0.230 —14.90 0.247 —14.90 0.264 —14.90
0.283 —14.90 0.304 —14.90 0.325 —14.90
0.349 —14.90 0.374 —14.90 0.401 —14.90
0.430 —14.90 0.460 —14.90 0.494 —14.90
0.529 —14.90 0.567 —14.90 0.608 —14.90
0.652 —14.90 0.698 —14.90 0.749 —14.90
0.802 —14.90 0.860 —14.90 0.922 —14.90
0.988 —14.90 1.059 —14.90 1.135 —14.90
1.217 —14.90 1.304 —14.90 1.398 —15.00
1.499 —15.00 1.606 —15.00 1.722 —15.00
1.845 —15.00 1.978 —15.00 2.120 —15.00
2.273 —15.00 2.436 —15.10 2.611 —15.10
2.799 —15.10 3.000 —15.10 3.150 —15.20
3.315 —15.20 3.486 —15.20
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Table 3.16: Case Study III: Sensitivity of NPV to Cocc, multiplier

Cocc; Multiplier NPV (10°) | Coce, Multiplier NPV (10°) | Coce, Multiplier NPV (10°)

0.100 2.00 0.107 1.90 0.115 1.90
0.123 1.90 0.132 1.90 0.141 1.90
0.152 1.90 0.163 1.90 0.174 1.90
0.187 1.80 0.200 1.80 0.215 1.80
0.230 1.80 0.247 1.80 0.264 1.70
0.283 1.70 0.304 1.70 0.325 1.60
0.349 1.60 0.374 1.60 0.401 1.50
0.430 1.50 0.460 1.50 0.494 1.40
0.529 1.40 0.567 1.30 0.608 1.30
0.652 1.20 0.698 1.10 0.749 1.10
0.802 1.00 0.860 0.90 0.922 0.80
0.988 0.70 1.059 0.70 1.135 0.60
1.217 0.40 1.304 0.30 1.398 0.20
1.499 0.10 1.606 —0.10 1.722 —0.20
1.845 —0.40 1.978 —0.60 2.120 -0.80
2273 —1.00 2.436 —1.20 2.611 —1.40
2.799 —-1.70 3.000 —2.00

Table 3.17: Case Study III: Sensitivity of storage capacity to OCCg multiplier

OCCgs Multiplier Storage (MWh) ‘ OCCg Multiplier Storage (MWh) ‘ OCCgs Multiplier Storage (MWh)

0.100 1248735.7 0.107 1164050.0 0.115 1080239.1
0.123 1033005.9 0.132 951660.0 0.141 894964.3
0.152 839700.0 0.163 791115.1 0.174 746824.1
0.187 697603.0 0.200 643054.3 0.215 594708.0
0.230 559800.0 0.247 530617.2 0.264 497379.1
0.283 454519.4 0.304 442591.9 0.325 415317.5
0.349 387089.0 0.374 362438.7 0.401 334448.7
0.430 307890.0 0.460 283239.7 0.494 279900.0
0.529 254295.5 0.567 254057.0 0.608 227498.3
0.652 225828.4 0.698 223920.0 0.749 223920.0
0.802 197838.4 0.860 197599.9 0.922 195930.0
0.988 195930.0 1.059 195930.0 1.135 169371.3
1.217 169371.3 1.304 169371.3 1.398 167940.0
1.499 167940.0 1.606 141142.8 1.722 141142.8
1.845 139950.0 1.978 139950.0 2.120 112914.2
2.273 112914.2 2.436 111960.0 2.611 111960.0
2.799 111960.0 3.000 84685.7

63



4 5
28 x10 i i i i i 14 x10

I
0
T

[V}
oo
Optimal Storage Capacity (kg)

I
%
T

Optimal Storage Capacity (kg)

2.8 : . . . . 0 - - - - -
0 0.5 1 L5 2 2.5 3 0 0.5 1 L5 2 2.5 3
Storage Fixed O&M Multiplier Storage Overnight Capital Cost Multiplier
(a) Storage fixed O&M multiplier (b) Storage overnight capital cost multiplier

Figure 3.23: Case Study III: Sensitivity of optimal storage capacity to cost multipliers

Figure 3.23 and Table 3.17 illustrate the sensitivity of optimal storage capacity to variations
in two cost multipliers: the storage fixed O&M cost multiplier (Ctom) and the storage overnight

capital cost multiplier (Cycc ).

As shown in Figure 3.23a, changes in C,n,g have virtually no effect on the optimal storage
capacity, which remains constant at approximately 28,000 [kg] across the entire multiplier range.
This indicates that the system is largely insensitive to variations in fixed storage O&M costs.

By contrast, Figure 3.23b shows a strong inverse relationship between Cy., and the optimal
storage capacity. At low values of the multiplier (e.g., 0.1), the optimal capacity reaches as high as
1.25 x 10° [kg]. As the multiplier increases, capacity declines rapidly, approaching a lower bound
of around 84,686 [kg] at Cyc; = 3.0. The curve exhibits a steep nonlinear drop in the lower range
of the multiplier, followed by a gradual flattening, indicating diminishing sensitivity at higher cost
levels. These findings highlight that storage investment decisions are highly sensitive to capital

cost assumptions, but not to fixed O&M expenses.

3.4.5 Summary and Comparison of Sensitivity Studies

Tables 3.18, 3.19, and 3.20 synthesize the results of the sensitivity analyses across the three
case studies; visually compiled in Figures 3.24, 3.25, and 3.26. These together show how changes

in important input factors influence the optimal NPV under several system and policy settings.
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Summary for Case Study I

According to the sensitivity results of Case Study I, NPV is most susceptible to fluctuations in
electricity prices and generator capital cost. Table 3.18 shows that a considerable positive change
in NPV results from increases in the electricity price multiplier, reaching up to +321% in the
capped case, which excludes extreme outliers for visual clarity. On the other hand, generator capi-
tal cost (Cycc ) exhibits the strongest bidirectional influence, with NPV varying from +89.2% to
-198.2% depending on the input range. Although carbon tax increases reduce NPV, their overall
impact remains modest (around —4.4% ), while the effects of natural gas price and generator vari-
able O&M cost (Cyom, ) remain limited to under —1.5% and -1.0%, respectively. Storage-related
costs — including fixed O&M, CapEx, and variable O&M — have virtually no measurable effect.

The tornado plot in Figure 3.24 visually confirms these trends.

Summary for Case Study II

The sensitivity results of Case Study Il emphasize considerably lower overall sensitivity com-
pared to Case Study I. Storage-related cost variations — including fixed O&M (Clopm,s), capital cost
(Coce,s), and variable O&M (Clyom,s) — show insignificant to very minor influence on NPV, with
changes remaining within a narrow band of £1% (see Table 3.19). Generator capital cost (Cocc )
causes a slightly more noticeable decline of around —2.8%), yet still reflects strong system robust-
ness. The most significant impact is observed for generator variable O&M cost (Cyom ), Which
reduces NPV by up to 16%, indicating a moderate but consistent sensitivity. These outcomes align
well with the tornado plot shown in Figure 3.25, confirming the stable economic behavior of the

system under a wide range of cost fluctuations.

Summary for Case Study I1I

The sensitivity results of Case Study III underscore the dominant role of electricity price as-
sumptions in determining the net present value (NPV) of the system. As summarized in Table 3.20,

electricity price variations cause substantial swings in economic performance, with gains reaching
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up to +321%. This is visually evident in Figure 3.26, where the electricity price bar sharply out-
weighs all others.

The generator capital cost multiplier (Coc. ) follows closely behind in terms of impact. In-
creases in generator CapEx lead to dramatic reductions in NPV, with a maximum observed drop
of —=229%. This reflects the system’s financial vulnerability to capital investment escalations in
generation infrastructure.

By contrast, changes in storage-related cost multipliers — including fixed O&M (Cop,s), capi-
tal expenditures (Coc., s), and variable O&M (Clonm ) — have little to no effect on NPV, confirming
the system’s insensitivity to storage cost variations in this configuration. These inputs cause NPV
shifts within a narrow range of #0.7% or less, underscoring their limited economic leverage.

Generator variable O&M costs (Cyom,¢) produce small and nonlinear changes in NPV (max-
imum of +1.3% gain and -0.7% loss), implying that while operational expenses in generation
affect profitability, their influence remains secondary compared to CapEx and electricity pricing.

Overall, Case Study III reinforces the central conclusion from earlier cases: the economic
feasibility of such energy systems depends heavily on generator investment levels and electricity
market assumptions, with storage-related cost parameters playing a minimal role under the mod-

eled assumptions.

66



Table 3.18: Case Study I: Sensitivity of NPV to parameter changes

Parameter Input Change Range (%) Output Change Range (% NPV)
Carbon Tax 0% to +438% +3.0% to —4.4%

Natural Gas Price +0.01% to +90% —0.9% to —1.5%
Electricity Price +0.0001% to +70,000% +0.6% to +321%

Cocec —90% to +200% +89.2% to —198.2%
Cyom,c: —90% to +200% 0.0% to —1.0%

Max Change (%)
Carbon Tax [ Min Change (%)

Natural Gas Price [

Electricity Price |

Cocc,G [

Cvom, G[

Cocc,S B

Cfom,S I

Cvom,s [

—200 -100 0 100 200 300
Percentage Change in Output Relative to Baseline

Figure 3.24: Case Study I: Sensitivity plot of optimal NPV to select optimization model inputs

67



Table 3.19: Case Study II: Sensitivity of NPV to parameter changes

Parameter Input Change Range (%) NPV Change Range (%)

Cyom,c 0% to +300% —16.0%
Coce,s 0% to +300% —0.77% to —0.86%
Clom.s 0% to +300% —0.16% to —0.17%
Coce.c 0% to +300% —2.83%
Cf0m75 0% to +300% 0.0%

Cvom,G B

Cocc,G B

Cvom,s [

Coce,s[

Ctom,s [ 1 Max Change (%)

. Min Change (%)

-16 -14 -12 -10 -8 ) -4 -2 0
Percentage Change in NPV Relative to Baseline

Figure 3.25: Case Study II: Sensitivity plot of optimal NPV to select optimization model inputs
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Table 3.20: Case Study III: Sensitivity of NPV to parameter changes

Parameter Input Change Range (%) NPV Change Range (%)
Electricity Price —99% to +400% +7% to +321%
Coce,é —90% to +200% —-229%

Clom,G —90% to +200% +1.3% to —0.7%
Coce.s —90% to +200% 0%

Cf0m7s —-90% to +200% 0%

Cyom,s —90% to +200% +0.7% to —0.7%

Max Change (%)

Electricity Price Min Change (%)
Coce,G[
Cvom,G[
Coce,sT
Crom,s[
Cuom,s|

—2I00 —ioo 0 160 260 360

Percentage Change in Output Relative to Baseline

Figure 3.26: Case Study III: Sensitivity plot of optimal NPV to select optimization model inputs
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Chapter 4

Conclusion

4.1 Summary

This work provides a suitable methodology to evaluate the combined generator and storage
energy system economic viability. Under the suggested paradigm, ECOGEN-CCD, early-stage
evaluation of several Integrated Energy System (IES) configurations is possible. Under stated
technical and financial assumptions, the framework finds ideal technology parameters and opera-
tional strategies by using a system-level, control co-design method. Designed to assist both new
projects and retrofit initiatives, ECOGEN-CCD helps engineers, financiers, and stakeholders make
decisions and communicate with one another.

Three case examples are used to highlight ECOGEN-CCD’s potential. Examining a natu-
ral gas combined cycle (NGCC) power station coupled with thermal energy storage (TES) and a
carbon capture system (CCS), Case Study I looked at operational complexity connected to non-
dispatchable renewable resources. Case Study II concentrated on a wind farm combined with a
battery energy storage system (BESS). Case Study III evaluated a nuclear power plant (NPP) cou-
pled with a hydrogen generating and storing system, thereby enabling flexible involvement in both
the hydrogen and electricity markets.

Using hourly resolution, each case study was modeled over a 30-year operating horizon; the
optimization problem was developed as a linear, convex problem, hence facilitating effective iden-
tification of the global optimal solution. The strength of the framework was assessed using a
sensitivity analysis. The effects of changes in market pricing, capital and operational expenses,
and demand-following limitations on the ideal system configurations and financial results were
investigated in this paper. The sensitivity analysis results verified that external market and policy
circumstances clearly affect storage size and economic performance. By means of a thorough and

scalable instrument for assessing the long-term viability of integrated energy systems, ECOGEN-

70



CCD offers by means of complete techno-economic modeling and sensitivity analysis integration.
Its flexibility and efficiency make it suitable for application in strategic energy planning and in-

vestment analysis under uncertainty.

4.2 Future Work

Future research should seek to enlarge the present framework in numerous important dimen-
sions to improve realism, applicability, and decision-support capacity. First, the model could be
extended to support the co-sizing and co-dispatch of mixed-portfolio hybrid energy systems. This
includes multiple generation sources such as nuclear, natural gas, wind, and solar, and it also in-
corporates a suite of complementary storage technologies, including lithium-ion batteries, thermal
energy storage, and long-duration systems like hydrogen or compressed air. This would allow a
more realistic depiction of actual hybrid plants and expose value synergies between technologies
that the current formulation cannot capture. Further improving operational realism would include
adding higher-fidelity physics, starting costs, cycle deterioration, and ramp rate limits, along with
finer temporal resolution (e.g., 5- to 15-minute intervals). Under real-world variability, includ-
ing stochastic or resilient optimization approaches to manage uncertainty in renewables and price
signals might help to further increase the dependability of the suggested solutions. Beyond model-
ing, by including real-time data on deterioration, response dynamics, and practical limits, valida-
tion via hardware-in-the-loop experiments at pilot-scale facilities might hone control algorithms.
By including the optimization engine within a larger model-based systems engineering (MBSE)
framework, one might simultaneously address stakeholder, regulatory, and techno-economic needs,
hence enabling thorough examination of system trade-offs. These guidelines, taken together, point
toward a verified, multi-objective platform able to steer the design and implementation of hybrid

energy systems of future generations.
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Appendix A

Abbreviations and Notation

A.1 Acronyms

Table A.1: Key acronyms used in this work

Term Description

BESS Battery energy storage system

CCD Control co-design

CCS Carbon capture and storage

CHP Combined heat and power

CO, Carbon dioxide

DTQP Direct transcription (DT) and quadratic programming (QP) [33]

ECOGEN-CCD  Computational framework for economic feasibility of generator and
storage systems through CCD [34]

FEL Following electric load

FOC Following operation cost

HES Hybrid energy systems

HFC Hydrogen fuel cell

HRES Hybrid renewable energy systems
HTSE High-temperature steam electrolysis
HVAC Heating, ventilation, and air conditioning
IDC Interest during construction

IES Integrated energy systems

MEMG Multi-energy microgrid

ML Machine learning

MW Megawatt

NGCC Natural gas combined cycle

NPP Nuclear power plant

NPV Net present value

oC Operational cost

ocCcC Overnight capital cost

O&M Operations and maintenance

Continued on next page
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Table A.1 (continued)

Term Description

P2G Power-to-gas

P2X Power-to-X

PCC Post-combustion carbon capture
TES Thermal energy storage

A.2 Variables

Table A.2: Key variables used in this work

Symbol Description

Ceap Capital cost

COq CO, penalty (price)
Cg Electricity price signal
Ctom Fixed O&M cost
Chuel Fuel price signal
Cp Primary price signal
Cr Tertiary price signal
Clom Variable O&M cost
FErpel Fuel expenditure

L Load

n Node index

R Revenue

r Discount rate

Teon Construction time

u Control vector

u Charging signal

w Discharging signal
T State vector

by Storage capacity

ﬁ Charge efficiency
7 Discharge efficiency
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A.3 Subscripts / Indices

Table A.3: Key subscripts / indices used in this work

Symbol

Description

N o v Qo

Index for electrical domain
Index for generator

Index for primary domain
Index for revenue

Index for storage

Index for tertiary domain
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