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Abstract

The global transition towards deep decarbonization and the widespread integration of renew-

able energy resources introduce unprecedented operational complexities within modern power

systems. Managing these dynamics necessitates massive flexibility across both transmission and

distribution networks, which can be achieved through Energy Storage (ES) and decentralized

microgrid architectures. Despite the rapid advancement of these technologies, significant bar-

riers remain in their effective integration into the power grid, including the complex modeling

of emerging technologies, stringent market regulations, and the lack of electrically informed

decentralization strategies.

This thesis presents comprehensive and novel optimization frameworks to address these criti-

cal gaps in the deployment of ES technologies for Grid Services (GSs) provision and the optimal

formulation of sustainable microgrids. At the transmission level, a holistic techno-economic

framework is proposed for the optimal sizing and multi-horizon scheduling of grid-connected

Advanced Adiabatic Compressed Air Energy Storage (AA-CAES). By incorporating detailed

thermodynamic constraints and diverse electricity pricing schemes, the model assesses AA-CAES

participation across Energy Arbitrage (EA), Operating Reserve (OR), and Capacity Markets

Demand Response (CMDR). Results indicate that while AA-CAES is economically viable for

EA and OR primarily in high-variability markets, it remains highly profitable for CMDR across

both stable and variable pricing markets.

At the consumer level, the research develops an optimal energy resource sizing and man-

agement framework for Large Energy Facilitys (LEFs) participating in CMDR. To overcome

the severe computational complexities introduced by dynamic baseline evaluation rules, a novel

convex relaxation of CMDR constraints is introduced. This approach reduces computation time

from several hours to fractions of a second while ensuring global optimality with an optimality

gap below 0.1%. The framework further demonstrates that aggregating short-duration (e.g.,

Battery Energy Storage (BES)) and long-duration (e.g., Hydrogen Energy Storage (HES) and
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Compressed Air Energy Storage (CAES)) technologies maximizes cost savings and environmen-

tal sustainability through enhanced arbitrage, emissions-cutting peak-demand reduction, and

sustained capacity market obligations.

At the distribution network level, a tri-stage optimization framework is designed to system-

atically decentralize Power Distribution Systems (PDSs) into self-sustaining microgrids. This

framework introduces a hierarchical agglomerative clustering method based on electrical line

impedance, followed by the stochastic planning of Distributed Energy Resources (DERs). A

subsequent allocation strategy optimally places active and reactive power resources, significantly

enhancing voltage regulation and reducing system losses under both islanded and cooperative

operational modes.

These proposed frameworks provide robust, computationally tractable solutions to maximize

the economic and operational benefits of ES and decentralized microgrids in modern power

systems.
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Chapter 1

Introduction

1.1 Motivation

The global energy sector is currently undergoing a profound structural transformation driven

by the intersecting imperatives of deep decarbonization, energy security, and rapid technological

advancement. Global electricity demand is experiencing accelerated growth propelled by the

widespread electrification of end use sectors [1]. Concurrently, to meet this rising demand while

mitigating Greenhouse Gas (GHG) emissions, the exponential deployment of DER and large

scale renewable generation is breaking historical records [2].

While the displacement of fossil fuel generation is vital for climate goals, it introduces un-

precedented operational complexities. Unlike traditional thermal power plants, solar and wind

resources are highly stochastic. This intermittency fundamentally alters the power grid net

load profile [3]. The growing misalignment between peak generation and peak demand has led

to severe net load variability, creating steep ramping requirements [4]. Consequently, modern

power systems require massive amounts of operational flexibility to reliably and rapidly balance

supply and demand under high uncertainty [3]. As conventional baseload generation retires,

ES is increasingly required as the paramount flexibility resource to absorb surplus generation,

provide dispatchable power, and support reliable system operation across all levels of the grid

[5].

Energy storage plays a critical multidimensional role at both transmission and distribution

levels of modern power systems [5]. Unlike traditional generation, ES systems are entirely

bidirectional, allowing them to act as dispatchable loads during periods of overgeneration and

1



1.1 MOTIVATION

as dispatchable generators during supply deficits [5]. At the transmission level, ES supports

bulk system wide operations by providing a suite of wholesale GSs. The primary mechanisms

through which ES provides value include EA by time shifting energy, charging during low cost

off peak hours and discharging during high priced peak hours. Furthermore, fast responding ES

excels in providing crucial ancillary services, such as OR, which are necessary to arrest frequency

deviations in low inertia grids [6]. Additionally, ES participates in CMDR, where resources are

financially compensated for committing to be available to deliver firm power during stressed grid

conditions [7]. At the distribution level, the proliferation of DERs and localized electrification

has transformed networks into active bidirectional power exchanges, where ES helps balance

local generation and demand, significantly mitigating grid congestion and reducing the need for

costly infrastructure upgrades [8], [9].

Widely studied ES technologies include Pumped Hydro Storage (PHS), BES, HES, and

CAES. These technologies differ significantly in their duration capability, energy and power

ratings, scalability, and deployment constraints. Although BES has demonstrated immense

maturity and dominates the short duration market due to its high round trip efficiency and

modularity, it is generally more suitable for small capacity applications as well as short duration

high power services due to prohibitive capital costs at extended durations. HES offers excep-

tional long duration and seasonal storage capabilities but suffers from profound thermodynamic

conversion losses, yielding a low round trip efficiency [10]. While PHS is the most widely de-

ployed large scale storage technology globally, its applicability is severely limited by geographic

and topological constraints [11]. For long duration applications at the transmission level, CAES

offers one of the lowest installed energy capacity costs among grid scale storage technologies

[12]. To overcome the emission issues of conventional diabatic CAES, AA-CAES has attracted

increasing attention. AA-CAES captures the heat generated during the air compression phase.

This heat is subsequently used to preheat the air during expansion, entirely eliminating fossil

fuel combustion. This configuration yields a high energy conversion efficiency, long operational

lifetime, flexible configuration, and low environmental impact [13].

Although integrating ES and decentralized microgrids mitigates the operational complexi-

ties of modern grids, maximizing their potential requires overcoming specific system integration

hurdles. At the transmission level, it is necessary to navigate the complex modelling of emerging

technologies (e.g., AA-CAES), the stringent market regulations governing GSs, and the syner-

gistic operation of hybrid storage systems with diverse duration and capacity ratings. At the

distribution level, critical questions remain regarding how the network is decentralized, what the
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required capacity of ES and DERs is to achieve sustainability, and where these resources should

be placed. Addressing these challenges motivates a deeper investigation into the limitations of

existing research to develop more resilient and economically feasible power systems.

1.2 Problem Statement and Research Gaps

Despite the rapid advancement of ES and decentralized grid architectures, significant barriers

remain in effectively integrating these technologies into modern transmission and distribution

power systems.

As power grids evolve to accommodate massive renewable penetration, alongside increasing

electricity demand and its associated uncertainties, AA-CAES has emerged as a highly promis-

ing solution for bulk, long duration energy management [12], [13]. While the deployment of

CAES technologies for mitigating grid congestion and participating in GSs is widely recognized,

current system planning and integration models predominantly focus on conventional systems

and fail to incorporate recently developed AA-CAES technologies [14]–[17]. Furthermore, there

is a systemic reliance on simplified, linear energy representations that fail to capture the complex

thermodynamic realities of the AA-CAES [18]. The nonlinear interdependencies among com-

pressed air temperature, transient pressure dynamics, and mass flow rates directly dictate the

performance and efficiency of the turbomachinery [19]. When physical constraints are ignored,

sizing and dispatch solutions become technically infeasible or economically suboptimal. More-

over, operational scheduling is often restricted to short term [14]–[21], fundamentally neglecting

the inherent long duration and seasonal storage capabilities that give AA-CAES its compet-

itive edge [22], [23]. Compounding these technical oversimplifications is a narrow operational

focus [24]; single service provision is frequently evaluated under static pricing schemes, failing to

capture the synergistic economic potential of simultaneous participation in GSs (e.g., OR and

CMDR) under highly volatile, real time pricing [18]–[21]. Furthermore, the economic viability

of these systems heavily depends on the electricity pricing scheme such as fixed rate versus

highly variable markets which has not been comprehensively analyzed alongside multi service

provision. Consequently, a significant gap remains in developing a holistic, computationally

tractable framework that cooptimizes both the physical component sizing and the multi horizon

(daily, weekly, and monthly), multi market scheduling of AA-CAES to assess its performance

in various GSs.
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Beyond bulk transmission storage, immense operational flexibility resides at the consumer

level through Demand Response Programs (DRPs) [25]–[28]. Current DRPs can be broadly clas-

sified into two main categories: 1) price-based and 2) incentive-based [29]. Price-based DRPs

rely on time-varying electricity prices to encourage customers to adjust their consumption be-

havior. However, their widespread adoption has been limited by the lack of direct dispatch

capability, uncertainty associated with real-time pricing that may expose participants to finan-

cial losses, and technical challenges related to smart meter deployment [30], [31]. To address

these limitations, incentive-based DRPs have emerged as an alternative that improves grid

reliability while offering greater operational flexibility and reduced financial risk for partici-

pants. In incentive-based DRPs, participants are encouraged to modify their electricity usage

through explicit financial incentives or contractual compensation mechanisms. While various

incentive-based demand response mechanisms, such as demand bidding [32], [33], load curtail-

ment [34], [35], and direct load control [36], are commonly utilized, CMDR remains the most

lucrative and widely adopted framework [29]. However, even though LEFs such as Commer-

cial and Industrial (C&I) facilities contribute the vast majority of this capacity due to their

substantial and controllable baseloads [37], optimal facility planning and energy resource sizing

for CMDR participation still lack comprehensive analytical integration. The primary barrier

lies in the stringent regulatory evaluation procedures utilized by grid operators, which rely on

dynamically calculated historical baselines to verify performance [38]–[40]. Accurately embed-

ding these dynamic market rules such as historic load sorting and fractional adjustment factors

into energy management models introduces severe mathematical complexities. This transforms

the optimization into a highly nonconvex problem that renders real time operational scheduling

computationally prohibitive. Consequently, current market participants are exposed to signifi-

cant financial penalties due to overestimating their committed capacity or failing to incorporate

the existing market rules [41]–[43]. A critical need exists for mathematical techniques, such as

convex relaxation, to transform these rules into reliable lower bounds that drastically reduce

computation times while ensuring global optimality. To mitigate the risk of underperformance

penalties and ensure that these strict capacity commitments are reliably met, integrating ES

technologies is essential [44]; furthermore, while single ES deployments are frequently utilized,

there is a distinct lack of comprehensive frameworks investigating how hybrid combinations of

short duration (e.g., BES) and long duration (e.g., HES and CAES) storage can be synergisti-

cally managed alongside onsite generation (e.g., DERs and Combined Heat and Power (CHP))

[10], [13], [45]. Such frameworks must satisfy continuous EA opportunities, minimize facility
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peak demand charges, and sustain capacity market obligations, while concurrently minimizing

real time GHG emissions.

At the distribution level, the paradigm is shifting rapidly from centralized, top down control

toward decentralized networks of self-sustaining microgrids [46]. While various methodologies

exist to size DERs and ES for these localized systems, a fundamental challenge remains in

determining how to systematically decompose a large, interconnected PDS into these smaller,

sustainable entities. Current decentralization efforts often model microgrids as simplified enti-

ties or rely on basic topological clustering methods rather than electrically informed partitioning

[47]–[56]. These approaches lack a rigorous foundation in the actual electrical characteristics of

the network, such as line impedance, which is vital for enabling effective decentralized control

and ensuring long term sustainable operation [57]. Moreover, current planning frameworks fre-

quently isolate the stochastic sizing of DERs from their physical allocation [58]–[61]. Operating

interconnected microgrids without a coordinated strategy for the optimal placement of both ac-

tive DERs and reactive power support devices leads to severe equipment oversizing, suboptimal

power sharing, and degraded voltage stability [62]. Additionally, there is a lack of flexible frame-

works capable of evaluating these allocations across different operational modes, including fully

islanded, cooperative multi microgrid, and grid connected states [63]. Therefore, a critical need

exists for a unified, electrically grounded tri stage framework that seamlessly bridges network

clustering, resource sizing, and optimal component allocation to achieve true multi microgrid

self-sustaining.

1.3 Thesis Objectives

Addressing the identified gaps is essential for clarifying the role of ES in supporting reliable

and efficient operation across both transmission and distribution systems. The central goal of

this research is to enhance the integration of ES technologies within modern power systems.

This involves the following specific objectives:

• Accurate modeling of AA-CAES that captures its thermodynamic characteristics while

remaining tractable for large scale optimization;

• Accurate modeling of GSs, translating well established capacity market rules and baseline

evaluation procedures into complex, yet optimization friendly convex constraints;
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• Assessment of AA-CAES techno economic performance in providing GSs, with particular

emphasis on long duration ES capability and market dependent operational behavior;

• Study of the synergistic operation of different ES technologies to investigate how differ-

ences in storage duration, energy capacity, and power rating enable complementary system

operation across hybrid configurations;

• Design of a decentralization approach for distribution systems that supports economically

feasible storage sizing and optimal resource allocation for network sustainability.

1.4 Thesis Outline

The remainder of this thesis is organized into the following chapters to systematically address

the stated objectives:

• Chapter 2 provides an overview of the evolution and techno-economic viability of promi-

nent grid-scale ES technologies. Building on this foundation, it provides a comprehensive

literature review of CAES and AA-CAES modelling, with emphasis on their participation

in various GSs and DRPs. It also surveys existing work on DRPs, highlighting the im-

portance of CMDR while outlining the relevant market rules and evaluation requirements.

In addition, the chapter reviews decentralization approaches for distribution systems that

support economically feasible storage sizing and optimal resource allocation for sustain-

ability. The literature review identifies key gaps and limitations in the existing work and

highlights the potential research contributions

• Chapter 3 presents the optimal deployment framework for AA-CAES in diverse electricity

markets. It develops a detailed thermodynamic system model integrated with power grid

constraints. The chapter assesses the techno–economic performance of AA-CAES under

varying scheduling horizons while providing EA, OR, and Capacity Market Participation

(CMP) services.

• Chapter 4 proposes an optimal energy resource sizing and management framework for

LEFs participating in capacity market based Demand Response (DR). It outlines the

commercial electricity billing structure, introduces a novel convex relaxation of complex

DR capacity market rules, and evaluates the financial and environmental impacts of hybrid

ES operation.
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• Chapter 5 presents a tri–stage optimization framework for the optimal clustering of PDSs

into self-sustaining microgrids. This includes the formulation of a hierarchical agglomera-

tive clustering algorithm based on electrical distance, the stochastic planning of microgrid

DERs, and the subsequent topological allocation of active and reactive power resources to

ensure voltage stability.

• Chapter 6 concludes the thesis by summarizing the primary findings on the optimal

deployment of ES and decentralized microgrids across modern power systems. It highlights

the core contributions at the transmission, consumer, and distribution levels, , identifies

research limitations, and outlines potential avenues for future research.
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Chapter 2

Literature Survey

2.1 The Evolution and Techno-Economic Viability of Grid-Scale

Energy Storage Technologies

The transition toward deeply decarbonized power grids strictly demands the deployment of

bulk-scale energy storage to mitigate the intermittency of renewable energy sources. Widely

studied ES technologies include PHS, BES, HES, and CAES. These technologies differ sig-

nificantly in their duration capability, energy and power ratings, scalability, and deployment

constraints.

BES, predominantly utilizing lithium-ion architectures, has demonstrated immense maturity

and dominates the short-duration market due to its high round-trip efficiency, typically between

85% and 90%, and its inherent modularity. However, BES is generally more suitable for small ca-

pacity applications and short-duration, high-power services such as frequency regulation. This is

due to prohibitive power capital costs, which range from $900 to $4,000 per kilowatt, making ex-

tended bulk-duration applications economically unviable [12],[64]. Furthermore, electrochemical

systems suffer from unavoidable cycling fatigue and calendar aging, restricting their operational

lifespan to approximately 5 to 15 years before requiring costly replacements. To bridge the gap

toward inter-seasonal storage, HES offers exceptional long-duration capabilities by completely

decoupling power capacity from energy capacity [65]. Despite its theoretical potential to store

energy over months without degradation, HES remains largely in the research and early com-

mercialization phase. This delay is primarily due to profound thermodynamic conversion losses

during the power-to-gas-to-power cycle, which currently yield a low round-trip efficiency of 25%
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to 58%, alongside the need for massive, centralized electrolysis infrastructure [64], [65].

In the absence of cost-effective long-duration batteries and highly efficient hydrogen infras-

tructure, PHS has historically served as the unchallenged backbone of grid-scale energy storage.

PHS operates on the fundamental principle of gravitational potential energy, shifting massive

volumes of water between reservoirs at different elevations. It is the most widely deployed

large-scale storage technology globally, boasting massive power ratings ranging from 100 MW

to 5,000 MW and operational lifespans of 40 to 60 years [66], [67]. Despite these overwhelming

advantages, the future expansion of PHS is severely curtailed by rigid geographic and topological

constraints. It requires highly specific hydrological conditions, immense localized water avail-

ability, and significant natural elevation differentials. The scarcity of unexploited, topographi-

cally suitable sites severely limits further global deployment, underscoring the urgent need for

location-flexible mechanical storage alternatives for bulk grid-scale applications [66], [67].

For long-duration applications at the transmission level, CAES offers one of the lowest in-

stalled energy capacity costs among grid-scale storage technologies. CAES serves as a geograph-

ically flexible alternative to PHS by utilizing massive underground geological formations, such as

salt caverns or porous aquifers, to achieve economic viability at scale [68]. The core mechanism

of CAES involves using surplus electricity during periods of low demand to power compressors

that pressurize ambient air, which is then stored in these underground reservoirs. When elec-

tricity demand is high, the stored compressed air is released, heated, and expanded through

turbines coupled to a generator to produce electricity. The thermodynamic handling of the

heat of compression strictly dictates the classification, efficiency, and environmental footprint

of these systems. In traditional Diabatic CAES, the intense thermal energy generated during

air compression is considered parasitic and is rejected directly to the atmosphere via cooling

systems. When the stored air is later extracted for generation, it must be rapidly reheated to

prevent turbine freezing and to provide necessary enthalpy. Diabatic CAES achieves this by

mixing the expanding air with fossil fuels, predominantly natural gas, in a combustion chamber.

This reliance on fossil fuel combustion limits the thermodynamic cycle efficiency to around 40%

to 55% and generates greenhouse gas emissions, making it less aligned with modern grid decar-

bonization goals [68], [69]. Table 2.1 presents a comparative overview of the efficiency, lifespan,

and capital costs across prominent energy storage technologies.

To overcome the emission issues of conventional diabatic systems, AA-CAES has attracted

increasing attention and represents the contemporary evolutionary leap for mechanical storage.
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Table 2.1: Comparison of energy storage technologies.

Technology Efficiency (%) Lifespan (Years) Power Capital Cost ($/kW) Typical Discharge Time

BES (Li-ion) 85-90 5-15 900-4000 Minutes to Hours

HES 25-58 5-20+ 500-10000 Seconds to 24+ Hours

PHS 75-85 40-60 2000-4300 1 to 24+ Hours

CAES 70-89 20-40 400-1000 1 to 24+ Hours

AA-CAES integrates a sophisticated Thermal Energy Storage (TES) subsystem [70]. It captures

the heat generated during the air compression phase and transfers it to a TES medium. This

stored heat is subsequently used to preheat the air during expansion, entirely eliminating the

need for natural gas combustion. This regenerative configuration yields a high energy conversion

efficiency, reliably boosting round-trip efficiency to between 70% and 89%, while ensuring a long

operational lifetime of 20 to 40 years [70], [71]. Overall, AA-CAES offers flexible configuration

and maintains a low environmental impact.

The theoretical viability of both traditional and advanced CAES is substantiated by a his-

torical track record of diabatic plants and a rapidly accelerating pipeline of next-generation

adiabatic mega-projects. The commercial viability of grid-scale CAES was initially established

by two pioneering diabatic CAES facilities. Commissioned in 1978 in Germany, the Huntorf

Plant operates within salt domes with a generation capacity of 321 MW, but it operates with-

out exhaust heat recuperation. Operational since 1991, the McIntosh Plant in Alabama, USA,

possesses a 110 MW generation capacity and includes a recuperator that captures waste heat

from the turbine exhaust to preheat incoming air, significantly improving its overall efficiency

[68], [72].

Despite the success of these legacy plants, the contemporary global market is increasingly

dominated by zero-emission AA-CAES projects. Commissioned in 2019, the Goderich AA-CAES

Facility in Ontario, Canada, serves as the world’s first commercially contracted AA-CAES plant,

successfully proving dynamic responsiveness and commercial viability without emissions. Simul-

taneously, China’s rapid expansion of renewable energy has propelled the commercialization of

massive AA-CAES infrastructure [12]. The Jintan CAES Facility in Jiangsu Province represents

a landmark 60 MW deployment utilizing a subterranean salt cavern to achieve high efficiency

without supplementary fossil fuel firing. Furthermore, the Zhangjiakou 100 MW AA-CAES

project in Hebei Province represents one of the world’s most extensive operational advanced

adiabatic systems, utilizing above-ground air tanks and advanced thermal handling to serve as
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a global benchmark for emission-free mechanical storage [72].

2.2 CAES/AA-CAES Modeling and Participation in GSs

GSs are essential to the operation of modern power grids, safeguarding stability and reliability

by balancing generation and demand. In today’s competitive electricity markets, Power System

Operators (PSOs) are encouraging market participants to provide GSs. ES is widely recognized

as a key enabler of these services, providing the dispatchable power required to support the

grid. For long-duration grid-scale applications, CAES offers the lowest installed energy capacity

cost [12]. Recently, AA-CAES has emerged as the most extensively studied CAES technology,

owing to its high energy conversion efficiency, strong reliability, flexible layout, long lifetime,

and negligible environmental impact [13]. Demonstrations of 100 MW and 300 MW AA-CAES

plants integrated into power grids in Zhangjiakou, China, and Goderich, Canada, highlight their

technological maturity and have attracted significant investment [13],[45]. Consequently, techno-

economic models assessing AA-CAES participation in GSs are receiving substantial attention,

with a steadily increasing number of projects being developed worldwide.

Many efforts have been devoted to studying the economic and reliable participation of

CAES/AA-CAES in GSs. In [14], the operation of CAES for congestion relief is presented. The

proposed framework exploits electricity price arbitrage opportunities in the day-ahead market

while concurrently preparing the CAES to enhance its effectiveness in alleviating congestion.

The work in [15] develops a mixed-integer linear programming model to optimize CAES dis-

patch, enabling it to provide both OR and EA in various U.S. electricity markets. However, these

studies [14], [15] employ simplified energy-based CAES models that overlook its thermodynamic

characteristics, such as the interdependence among compressed air temperature, pressure, and

flow, as well as their effects on the compressor and turbine charging and discharging behaviors.

In [16], the authors aim to maximize the CAES profit by optimizing its operation across EA,

OR, and regulation GSs, while accounting for the air compression and expansion constraints.

The work in [17] formulates a bi-level program, where the outer level determines the optimal siz-

ing and the inner level determines the optimal dispatch of CAES, underscoring the importance

of integrating the optimal sizing with the optimal dispatch. Yet, the studies in [14]–[17] focus

on the sizing and operational optimization of conventional CAES systems and do not assess the

economic feasibility of the recently developed AA-CAES technology.
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The study in [18] proposes a self-scheduling approach for AA-CAES participation in energy

and reactive power markets, aiming to maximize the expected net income while accounting for

air flow compression and expansion constraints. The authors in [19] incorporate an AA-CAES

system to minimize operational costs and wind curtailment within an integrated electricity

and heating system, employing a detailed AA-CAES model. However, the studies in [18], [19]

focus solely on the optimal operation of AA-CAES and, therefore, its Operational Expendi-

ture (OpEx), without considering the optimization of system sizing or the associated invest-

ment costs, i.e., Capital Expenditure (CapEx). It is reported in [24] that AA-CAES CapEx

can account for up to 25% of total system expenditures. Consequently, conclusions regarding

profitability or cost-effectiveness based solely on optimizing the AA-CAES operation may be

misleading or overly optimistic.

In contrast to relying on predefined sizes and focusing only on OpEx, as in [18],[19], the study

in [20] investigates the optimal sizing of AA-CAES to maximize profits from EA, employing

a detailed model that accounts for air flow dynamics. The authors conclude that electricity

prices are the primary determinant of profitability, motivating further investigation into how

participation in GSs under varying market conditions influences sizing decisions. The work

in [21] develops a computationally feasible high-fidelity AA-CAES model to minimize wind

curtailment, while incorporating grid integration requirements into the optimization problem.

However, the studies in [18]–[21] do not evaluate the economic feasibility of grid-connected

AA-CAES systems utilizing CMDR and OR to provide GSs. Further, since electricity price has

been identified as one of the primary determinants of AA-CAES profitability [20], it is essential

to revisit the optimal sizing and scheduling of AA-CAES systems under different electricity

pricing schemes (i.e., fixed, low hourly variability, and high hourly variability pricing schemes).

Additionally, all the studies in [14]–[21] have a common shortfall in terms of their reliance

on relatively short scheduling horizons, which may not align with the long- or seasonal-term

operational characteristics of CAES and AA-CAES systems. For instance, the studies in [14],

[15],[20] consider a daily scheduling horizon, while [16] extends the analysis to a weekly horizon.

Yet, as reported in [22],[23], the compressed air storage type and configuration largely determine

the capability of CAES and AA-CAES systems to function as long-duration or even seasonal

storage, with potential discharge durations of up to two months. Therefore, the relatively short

horizons used in previous works limit the exploration of the whole decision space associated with

AA-CAES optimal sizing and scheduling.
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Based on the above discussions, existing techno-economic studies on AA-CAES exhibit crit-

ical limitations that hinder their real-world applicability. First, most of these studies focus on

short-term horizons, overlooking long-term and seasonal operational dynamics, which signifi-

cantly affect profitability. Second, prior studies fail to consider multi-service participation, lim-

iting analysis to EA while ignoring valuable roles in OR and CMDR. Third, models introduced

in these studies assume simplified or fixed electricity pricing, failing to capture diverse structures

such as real-time market pricing, which drive optimal decisions. Fourth, sizing and scheduling

are often treated independently, neglecting their interdependence, leading to technically feasible

but economically suboptimal solutions. Finally, existing works lack detailed yet computation-

ally efficient thermodynamic modeling that captures the interdependence among compressed

air temperature, pressure, and flow dynamics while accounting for power grid constraints. To

address these gaps, Chapter 3 of this thesis proposes a holistic optimization framework for AA-

CAES, jointly determining sizing and scheduling to maximize net revenue across energy and

GSs markets under realistic market pricing and extended horizons.

2.3 LEFs Participation in DRPs, with a Focus on Capacity Mar-

kets: Rules and Evaluation Requirements

DR has changed how supply and demand are balanced by shifting some of the power system’s

operational flexibility from generation to demand. By encouraging customers to adjust their

electricity usage, DRPs improve supply–demand coordination, enhance energy efficiency, and

contribute to emissions reduction [25]. For example, in 2024, the New York Independent System

Operator (NYISO) secured 1,490 MW of peak capacity through DRPs [26]. Similarly, in 2025,

the Ontario Independent Electricity System Operator (IESO) obtained 3,022 MW from these

programs [27], [28]. While DRPs are implemented across different scales (e.g., residential units

and workplaces), LEFs, which aggregate resources such as C&I facilities, microgrids, and Virtual

Power Plants (VPPs), are often the most suitable participants. These facilities contribute

more than 70% of the total DRPs capacity due to their substantial energy consumption and

centralized operational structure, which enable significant and reliable demand reductions [37].

However, their participation potential hings on compliance with existing electricity market rules,

since failure to meet these requirements can result in substantial penalties [41]. Consequently,

effective DR implementation requires that these DR participants be planned and managed in

strict alignment with regulatory constraints to maximize economic returns and reduce CO2
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emissions during grid peak hours, highlighting the need for accurate design and management

frameworks that explicitly account for market rules and regulations.

Current DRPs can be broadly classified into two main categories: 1) price-based and 2)

incentive-based [29]. Price-based DRPs rely on time-varying electricity prices to encourage

customers to adjust their consumption behavior. However, their widespread adoption has been

limited by the lack of direct dispatch capability, uncertainty associated with real-time pricing

that may expose participants to financial losses, and technical challenges related to smart meter

deployment [30], [31]. To address these limitations, incentive-based DRPs have emerged as

an alternative that improves grid reliability while offering greater operational flexibility and

reduced financial risk for participants. In incentive-based DRPs, participants are encouraged to

modify their electricity usage through explicit financial incentives or contractual compensation

mechanisms.

Previous studies have explored several forms of incentive-based DRPs, including demand

bidding [32],[33], load curtailment [34],[35], direct load control [36], and participation in CMDR

[73]. In demand bidding mechanisms, participants submit bids representing either surplus energy

or energy shortfalls to be balanced by other market participants. In this context, the study in

[32] presents a bi-level framework for a price-maker VPP aimed at mitigating discrepancies

between the day-ahead and real-time markets. By acquiring external DR through demand

bidding, the VPP reduces excess energy settled in the real-time market and increases its expected

profit. Similarly, the authors in [33] proposed a VPP operational strategy that employs demand

bidding to compensate for Photovoltaic (PV) forecasting errors using a mixed-integer linear

programming scheduling framework. Their findings indicate that bidding surplus or deficient

PV energy effectively reduces forecasting deviations and enhances profitability in the day-ahead

market.

Another incentive-based approach is load curtailment, which provides financial incentives for

participants to reduce their electricity demand during peak periods. In this context, the work

in [34] proposed a hybrid dynamic incentive strategy for microgrid energy management using

the pelican optimization algorithm, where incentives are adjusted in real time based on peak-

hour conditions to encourage greater demand reduction, rather than relying on fixed-curtailment

fixed-price schedules. In parallel, the study in [35] developed a theoretic contract DR mechanism

in which the grid operator designs rewards and penalties based on participant demand reduction

levels to promote truthful reporting under incomplete information about users’ consumption
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behavior. To enhance scalability, a convex relaxation was introduced, enabling the operator

to derive profit-maximizing contracts that satisfy both incentive compatibility and individual

rationality. To move beyond purely incentive-based encouragement mechanisms, direct control

approaches allow the PSO to directly modify load patterns during peak hours in exchange

for predefined incentives. This approach provides greater reliability to the grid by reducing

uncertainty associated with participants’ voluntary responses and behavioral intentions. In this

regard, the work in [36] proposed a model-free, data-driven resource planning framework for a

VPP that jointly optimizes BES sizing and the selection of customers for a thermal load control

program. By integrating the dynamic energy management of BES with customer load flexibility,

the proposed approach improves VPP operational flexibility and increases profitability in both

the day-ahead and real-time electricity markets.

Although demand bidding, load curtailment, and direct load control have received significant

attention from both academia and power utilities, CMDR participation contributes the most

to DRPs [29]. For example, in 2024, CMDR participation accounted for over 97% of NYISO’s

total MW-DR capacity, while in Ontario it represented more than 70% in 2025. Under this

mechanism, participants commit to reducing their load or utilizing qualified local generation in

exchange for capacity payments, with contractual penalties imposed for non-compliance [42].

Compliance is then verified using a baseline derived from historical consumption, which allows

participants to measure their reductions locally in real time without requiring advanced mon-

itoring infrastructure, relying instead on established market rules and evaluation procedures

[38]–[40]. Despite this streamlined approach, only 59% of participants passed the 2024 IESO

performance evaluation, primarily due to overestimating their committed capacity [43]. This

underscores a critical gap: in the absence of a robust planning and management framework,

participants struggle with (1) accurately estimating the achievable demand reduction capacity,

and (2) effectively managing onsite resources during DR events to meet the committed reduc-

tions. An early attempt to address these challenges was proposed in [73], which introduced an

optimal planning and contracting framework for equitable participation of building and electric

vehicle owners in vehicle-to-building CMDR. While this framework incorporates existing market

rules, it does not account for the uncertainty introduced by baseline-based performance eval-

uation. This omission can expose participants to penalties and lost revenue while potentially

undermining the grid operator’s reliability expectations.

Furthermore, load forecasting errors and baseline uncertainties expose participants to signif-

icant risk when they fail to meet committed demand reductions [32]. To mitigate these risks,
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integrating ES technologies is essential, particularly in dynamic market environments where

real-time prices fluctuate, grid peak hours do not align with LEF peaks, and participants are

required to deliver their committed DR capacity [44]. These considerations motivate the need

to determine the optimal combination and allocation of ES systems across short and long term

horizons to enable real-time price arbitrage, facility peak reduction, and CMDR participation,

while reducing grid peaks and GHG emission. For instance, BES is highly effective for short-

term applications such as EA and facility peak reduction due to its high round-trip efficiency

and rapid cycling capability. However, its effectiveness in CMDR participation is limited be-

cause sustained energy availability and high-power delivery over extended periods are required,

conditions better suited to long-term storage [36]. In this context, technologies such as HES

and CAES offer high energy density and multi-hour discharge capability, albeit at the expense

of lower round-trip efficiency [10], [13], [45]. These complementary characteristics motivate the

exploration of hybrid ES solutions, where fast-cycling BES is combined with long-term technolo-

gies like HES or CAES to enable participants to meet both short-term arbitrage opportunities

and CMDR obligations.

Based on the above discussions, the key research gaps in the existing literature on DRPs are

summarized as follows. 1) Although several studies have investigated different forms of incentive-

based DRPs, CMDR participation has received limited attention. Based on the available lit-

erature, no prior work has fully integrated the CMDR market rules and regulatory constraints

into an optimal sizing and management framework for LEFs, either to accurately estimate their

achievable DR capacity or to coordinate onsite resources during DR events to meet commit-

ted reductions. 2) Most existing studies focus on a single ES technology and do not examine

how hybrid short and long terms ES systems can jointly enhance EA, facility peak reduction,

and compliance with committed demand reductions in dynamic electricity markets. 3) Most

DRP studies lack multi-objective optimization frameworks that jointly consider economic and

environment metrics.

To address these gaps, Chapter 4 of this thesis presents an optimal sizing and management

framework for LEFs with onsite generation and ES resources participating in CMDR. The pro-

posed framework enables facility operators to accurately estimate obligated demand reduction

under dynamic market regulations. It explicitly incorporates commercial electricity bill compo-

nents, including EA and peak demand charges, CMDR rules, and the environmental impacts

associated with grid GHG emissions. To ensure computational efficiency in the presence of

highly nonlinear and nonconvex market constraints, a convex relaxation is introduced that al-
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lows facility operators to determine a conservative lower bound on achievable demand reduction.

This bound represents the level of reduction that the LEF can reliably deliver under worst-case

conditions while guaranteeing global optimality. In addition, the framework supports the opti-

mal sizing of hybrid short and long terms ES systems to jointly maximize economic returns and

environmental benefits.

2.4 Decentralization Approaches for Sustainable PDSs

The continuous growth in electricity demand from the residential and commercial sectors,

which together account for nearly 40% of total energy consumption, combined with the ac-

celerating electrification of other energy domains such as Electric Vehicles (EVs), has imposed

significant pressure on power systems to satisfy rising demand while maintaining system reliabil-

ity and avoiding costly infrastructure expansion [74], [75]. Moreover, the requirement to achieve

net-zero GHG emissions in the electricity sector has introduced a new operational paradigm

for PDSs, increasingly dependent on DERs, including distributed generation technologies such

as PV systems and distributed storage solutions such as BES [76]. The integration of DERs

into medium- and low-voltage PDSs has significantly increased the complexity of centralized

system operation. This added complexity has driven the emergence of microgrids as an effective

framework for managing localized generation and demand. Accordingly, there is a growing need

to adopt decentralized and sustainable energy solutions capable of meeting rising electricity

demand while simultaneously fulfilling environmental net-zero objectives [46].

In this context, microgrids are defined as medium- or low-voltage PDSs equipped with on-

site distributed generation and ES resources to supply local demand. Microgrids can operate

either in grid-connected mode, where the main grid supports local demand, or in islanded mode,

where they function independently and rely solely on on-site DERs to satisfy their energy re-

quirements [77]. The technical and economic feasibility of operating such microgrids in complete

isolation has been extensively validated in recent literature. Studies demonstrate that with the

optimal sizing of hybrid DERs and BES , isolated microgrids can robustly maintain a supply

and demand balance without grid reliance. For instance, fully sustainable isolated systems have

proven highly viable, utilizing diverse energy mixes such as solar, wind, and biomass to achieve

economical and resilient power delivery independently of the main grid [78], [79]. Furthermore,

the integration of demand management and flexible load regulation, including the utilization

of mobile energy storage, significantly enhances dynamic supply and demand matching during
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such isolated operation [80]. The optimal sizing and management of on-site DERs within micro-

grids play a critical role in ensuring demand satisfaction without load curtailment, particularly

during islanded operation or main grid failure. However, operating PDSs as a collection of

fully independent microgrids may result in oversizing DER capacity to satisfy islanded oper-

ation requirements, leading to under-utilization during grid-connected operation. Conversely,

sizing on-site DERs based solely on grid-connected assumptions may reduce capacity but risk

failing to meet demand during islanded conditions [63]. Therefore, it is essential to establish a

framework that enables PDSs to be clustered into groups of sustainable microgrids capable of

collaborating during islanded operation. Such a framework should identify microgrids with sim-

ilar electrical characteristics and within feasible operational distances, optimize their resources

in a coordinated manner to prevent unnecessary oversizing, and allocate resources across the

network buses, including reactive power support devices such as Shunt VAR compensators, to

ensure voltage stability and minimize system losses [62].

The optimal planning and management of microgrids have been extensively investigated in

previous studies, primarily focusing on estimating DER capacity and ensuring efficient real-

time operation [81]. In this context, the interaction between microgrids and PDSs is commonly

represented in two forms: 1) microgrids are allocated at a single bus within the PDSs, typically

modeled as a DER or fixable load at the point of coupling, and 2) microgrids are structured

as a group of interconnected PDSs buses that share common DERs and a coordinated control

system.

In the first form, microgrids host on-site distributed generation, ES, and loads that are

jointly controlled to create a bus within the PDSs capable of exhibiting flexible generation or

load behavior, thereby enhancing overall system flexibility and operational performance [58].

Within this context, Chenjia Gu et al. [59] proposed a Mixed Integer Non-linear Programming

(MINLP) framework for the optimal planning of DERs in hydrogen-based microgrids. To pro-

mote reduced GHG emissions, the accumulated carbon intensity is explicitly modeled, penalized

in the objective function, and constrained by an upper limit. The hydrogen-based microgrids,

together with DERs across the PDSs, are then optimally coordinated to minimize GHG emis-

sions while improving hydrogen profitability and overall system efficiency. Similarly, the study

in [60] introduced a two-stage stochastic rolling planning framework for microgrids. The pro-

posed approach adopts a collaborative decentralized structure in which each microgrid manages

its own resources while a centralized coordinator facilitates energy exchange among microgrids,

allowing them to share surplus energy or request support from neighboring microgrids for energy
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trading among microgrids while excluding support from the main grid.

In a similar vein, Atazadegan et al. [61] investigated the effects of islanded, non-cooperative,

and cooperative strategies on microgrid generation expansion planning. The findings indicate

that enabling energy trading among microgrids can significantly enhance economic performance,

yielding an improvement of approximately 18% in financial outcomes. To address the opera-

tional complexity of cooperative microgrids, the study in [82] proposed a master–slave game-

based scheduling approach for a group of microgrids sharing a common BES. In the first stage

of the two-stage framework, the capacity allocation share of the BES for the microgrid groups

and the PDS is determined, along with the optimal scheduling of charge and discharge power.

In the second stage, power interactions among the microgrids are coordinated under a coop-

erative alliance to ensure reliable demand satisfaction. However, these efforts predominantly

model microgrids as single-bus entities (e.g., individual facilities or aggregated loads), which

limits the representation of their physical and electrical interactions with the PDSs. Such sim-

plifications often overlook the spatial distribution of resources, network constraints, and power

flow impacts across multiple buses. Moreover, limited attention is given to how cooperative

coordination among microgrids can be systematically leveraged to enhance overall PDSs per-

formance, particularly in terms of voltage regulation, reactive power support, and network loss

minimization.

On the other hand, the second form partitions the PDS electric buses into clusters of mi-

crogrids, where each microgrid is represented by a set of electrically interconnected and col-

laborative buses operating under distributed control frameworks [47]. The primary objective

of this structure is to ensure reliable demand supply in the absence of main grid support or,

alternatively, to minimize dependence on the main grid by maximizing the utilization of local

resources. An early study in [48] addressed the resilience of PDSs against natural disasters by

clustering the network into isolated spatial zones. Within this framework, distributed genera-

tion units were optimally planned and allocated across the PDSs under worst-case scenarios to

minimize demand outages and enhance system resilience. Similarly, Habib et al. [49] proposed

a Linear Programming (LP) planning framework for PDSs that considers clustering into four

microgrids. The objective was to reduce overall operational costs while accounting for uncer-

tainties associated with renewable energy and EVs integration, through the adoption of smart

prosumers, Vehicle-to-Grid (V2G), and BES, thereby improving demand management and the

controllability of clustered microgrids.
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Zhao et al. [50], on the other hand, utilized hydrogen refueling stations to enhance the

resilience of PDSs during main grid failures, where hydrogen transportation among stations

is explicitly modeled through a spatial transportation network that accounts for geographical

locations. Information gap decision theory is employed to achieve robust planning under un-

certainties in demand and renewable energy generation. Likewise, the study in [51] proposed a

microgrid formation and scheduling framework to support real-time system restoration during

natural disasters while minimizing the number of load outages. The proposed two-stage frame-

work first determines the optimal microgrid formation and subsequently performs the optimal

scheduling of the formed microgrids. Although these studies account for PDSs interaction and

represent microgrids as clusters of buses, the clustering process is often arbitrary or primarily

driven by low-probability contingency events. Consequently, such approaches do not provide

PDSs operators with a systematic method to classify the network based on its electrical char-

acteristics, which is essential for enabling effective decentralized control and ensuring long-term

sustainable operation of clustered microgrids. Recent advancements in microgrid planning have

explored complex multi-level optimization structures to manage operational uncertainties. For

instance, a tri-level robust optimization model was recently developed for planning bi-directional

converter interconnections among predefined hybrid AC/DC microgrids [83]. This approach ad-

dresses dynamic converter efficiency and renewable energy uncertainty via a data-correlated

uncertainty set formulated within a min-max-min mathematical structure. While highly ef-

fective for ensuring robust component sizing and operation against worst-case scenarios, such

frameworks typically assume fixed, pre-existing microgrid boundaries.

In another line of research, several clustering techniques have been proposed for partitioning

PDSs. In [53], a cooperative increment-based strategy is introduced, which relies on prior indi-

vidual planning of each microgrid before the clustering process, thereby limiting its flexibility

when microgrid planning is still evolving. In [54], a graph theory-based method is presented

that offers computational efficiency but primarily focuses on topological uniformity and em-

ploys fixed cluster size thresholds based on the number of buses, with limited consideration

of electrical characteristics. Among existing approaches, hierarchical clustering has attracted

considerable attention for PDS applications due to its interpretability and adaptability. The

method initially treats each node as an independent cluster and iteratively merges the most

similar clusters according to a predefined proximity metric until a stopping criterion, such as

a desired number of clusters, is satisfied. A crucial element in this process is the definition

of electrical distance, which measures the similarity between nodes based on their electrical
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behavior. Electrical distance can be quantified using different metrics, including geographical

distance, line impedance, voltage magnitude sensitivity, phase angle sensitivity [55], and power

flow distribution factors [56]. These metrics capture diverse aspects of electrical interactions

and facilitate the construction of distance matrices that better represent the intrinsic electrical

structure of the network. Nevertheless, some of these formulations [55], [56] become compu-

tationally intensive for large-scale systems. Although the approach in [52] integrates spectral

clustering with electrical distance matrices, its performance is highly dependent on the accuracy

of the sensitivity matrix and it still entails considerable computational burden when applied to

large distribution networks. Recent advancements in microgrid planning have explored complex

multi-level optimization structures to manage operational uncertainties. For instance, a tri-level

robust optimization model was recently developed for planning bi-directional converter intercon-

nections among predefined hybrid AC/DC microgrids [83]. This approach addresses dynamic

converter efficiency and renewable energy uncertainty via a data-correlated uncertainty set for-

mulated within a min-max-min mathematical structure. While highly effective for ensuring

robust component sizing and operation against worst-case scenarios, such frameworks typically

assume fixed, pre-existing microgrid boundaries.

Despite the extensive body of literature on microgrid planning, clustering, and coopera-

tive operation, existing frameworks largely address specific aspects of the problem in isolation

and lack a holistic perspective tailored to PDSs. In particular, several key research gaps can

be identified. Most studies model microgrids as single-bus or aggregated entities, neglecting

their multi-bus electrical interactions within PDSs and limiting the accuracy of system-level

representation. Additionally, existing clustering approaches often rely on arbitrary partition-

ing, topological metrics, or contingency-driven designs, rather than electrically informed and

accurate clustering that reflects true network characteristics. Furthermore, limited attention is

given to the resources allocation within PDS buses, including both active and reactive power

support, to enhance voltage regulation, loss minimization, and operational efficiency. Finally,

most approaches do not provide a unified operational structure that enables flexible modes, such

as cooperative energy sharing among clustered microgrids, or islanded operation from the main

grid. Consequently, none of the existing frameworks ensure accurate microgrid clustering within

PDSs for long-term sustainability, while simultaneously supporting adaptive resource planning,

scalable expansion, and coordinated allocation of resources across interconnected microgrids.

To address the aforementioned research gaps, Chapter 5 of this thesis proposes a hierarchical

tri-stage optimization framework for clustering PDSs into sustainable and cooperative micro-
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Table 2.2: Summary of literature review and comparison with the proposed model.

Ref Decentralization Planning Management Op. Modes Resource Allocation

[59], [60], [83] × × ×

[61], [82] × ×

[47] × × ×

[48] ×

[49] × × × ×

[53], [57] × ×

[52], [54], [56] × × × ×

[50], [51], [55] × × ×

Proposed Model

grids. In the first stage, a simple yet effective hierarchical agglomerative clustering method is

developed based on an electrical distance matrix constructed from the impedance characteristics

of distribution lines, enabling electrically meaningful partitioning of the network. In the second

stage, the DERs of the formed microgrids are optimally planned, where renewable generation

and BES capacities are designed to ensure resilient operation with minimal dependence on the

main grid, including the capability for fully isolated operation when required. In the third stage,

the planned DER capacities are optimally allocated across the PDS buses, together with reac-

tive power support resources, to enhance voltage stability and minimize network power losses

while ensuring coordinated operation of the clustered microgrids. A comparative summary of

the discussed literature and the proposed framework is presented in Table 2.2.

2.5 Chapter Summary

This chapter provides a comprehensive review of the existing literature surrounding ES inte-

gration, DR mechanisms, and distribution network decentralization, identifying critical research

gaps that motivate the proposed frameworks in this thesis. Current techno-economic studies

on AA-CAES frequently overlook long-term and seasonal operational dynamics, multi-service

participation (such as OR and CMDR), and real-time market pricing. Furthermore, they often

decouple system sizing from operational scheduling and rely on simplified thermodynamic mod-
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els. To bridge these gaps, this thesis introduces a holistic optimization framework that jointly

determines the optimal sizing and scheduling of AA-CAES systems to maximize revenue across

diverse GSs markets under realistic pricing and physical constraints.

Shifting the focus from grid-scale storage to consumer-side flexibility, the existing literature

on DRPs lacks a comprehensive integration of CMDR regulatory rules into the optimal sizing

and management of LEFs. Previous studies also fail to adequately explore the synergistic use

of hybrid short- and long-term ES systems, or to incorporate multi-objective economic and

environmental metrics. Consequently, this thesis proposes an optimal planning framework that

explicitly integrates dynamic market regulations through convex relaxation, enabling the reliable

dispatch of hybrid storage systems while maximizing both financial returns and decarbonization

efforts.

At the distribution network level, current decentralization approaches for PDSs often rely on

arbitrary topological clustering or contingency-driven designs, frequently modeling microgrids

as oversimplified single-bus entities. These methods typically neglect the true electrical charac-

teristics of the network and lack coordinated strategies for active and reactive power resource

allocation. Addressing these limitations, this thesis develops a hierarchical tri-stage optimization

framework that accurately partitions PDSs based on electrical distance, optimizes the stochastic

planning of DERs, and strategically allocates these resources across interconnected microgrids

to enhance voltage stability, minimize power losses, and support flexible operational modes.

23



Chapter 3

Optimal Deployment of AA-CAES for

GS Provision in Diverse Electricity

Markets

3.1 Nomenclature

3.1.1 Indices and Sets

t Index of time interval.

nc, ntr Indices of compressors and turbines.

b, q Indices of buses.

T Set of optimization time steps.

TOR
Rmp Ramping period of OR.

TCMDR, TCMDR
start Sets of time steps and start times for CMDR activation windows.

TSTD Set of time steps defining standard baseline periods prior to CMDR activation.

3.1.2 Parameters

∆t Simulation time step (hour).
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∆tSTD Duration of standard baseline period (hours).

|TCMDR
e | Duration of a CMDR activation event.

B Total number of buses.

γ, R Specific heat ratio, and gas constant (J/kg·K).

N c, N tr Number of compressors and turbines.

ηm, ηg Efficiency of electric motor and generator.

ηc, ηtr Efficiency of compressors and turbines.

rc, rtr Compression and expansion ratio.

Ca
p , Cw

p Specific heat capacity of air and water (J/kg·K).

pr, pr Pressure limits of the air reservoir (bar).

ma, ma Stored air mass limits in the air reservoir (kg).

T r, V r Air reservoir temperature and volume (K, m3).

prinit, m
a
init Initial reservoir pressure and air mass (bar, kg).

Tamb Ambient air temperature (K).

T c
in,nc Inlet air temperature of (nc)th compressor (K).

T c
out,nc Outlet air temperature of (nc)th compressor (K).

T tr
in,ntr Inlet air temperature of

(
ntr
)th turbine (K).

T tr
out,ntr Outlet air temperature of

(
ntr
)th turbine (K).

ṁa
HXc

nc
Air mass flow rate in compressor-side Heat Exchangers (HXs) (kg/s).

ṁw
HXc

nc
Water mass flow rate in compressor-side HXs (kg/s).

ṁa
HXtr

ntr
Air mass flow rate in turbine-side HXs (kg/s).

ṁw
HXtr

ntr
Water mass flow rate in turbine-side HXs (kg/s).

T a
HXc

nc
Air temperature of compressor-side HXs (K).
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Tw
HXc

nc
Water temperature of compressor-side HXs (K).

T a
HXtr

ntr
Air temperature of turbine-side HXs (K).

Tw
HXtr

ntr
Water temperature of turbine-side HXs (K).

U(r, τ) Capital recovery factor.

r, τ s Interest rate (%), and unit s lifetime (years).

Cc, Ctr CapEx of compressors and turbines ($/MW).

Oc, Otr OpEx of compressors and turbines ($/MWh).

ePr
t Market electricity price at time t ($/MWh).

ORPr
t OR market price at time t ($/MWh).

RR Maximum ramp rate of compressors and turbines (MW/min).

CCMDR Awarded CMDR price ($/MW-day).

nBD Number of business days eligible for CMDR.

T tr
icing Minimum turbine outlet temperature to prevent icing (K).

tCMDR
prep,min Minimum preparation time required before CMDR activation window (hours).

δCMDR Permissible deviation margin from committed capacity during CMDR activation

(%).

V b, V b Voltage limits at bus b (p.u.).

Sb Maximum apparent power limit of the branch connected to bus b (p.u.).

Y b,q, θb,q Magnitude and phase angle of admittance between buses b and q (p.u.).

3.1.3 Variables

P ch
t , P dch

t Charging and discharging power of AA-CAES at time t (MW).

POR,ch
t Portion of charging power allocated to OR at time t (MW).

POR,dch
t Portion of discharging power allocated to OR at time t (MW).
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PEA,ch
t Portion of charging power allocated to EA at time t (MW).

PEA,dch
t Portion of discharging power allocated to EA at time t (MW).

Ct, Dt Charging and discharging status of AA-CAES at time t.

Sc, Str Rated power of compressors and turbines (MW).

ṁc
t , ṁtr

t Air mass flow rate of compressors and turbines at time t (kg/s).

pint , pdet Air pressure increase and decrease in air reservoir at time t (bar).

prt , ma
t Pressure and mass of air in the reservoir at time t (bar, kg).

PCMDR Committed discharge capacity for CMDR (MW).

PSTD Standard baseline limit during the designated standard period for CMDR (MW).

V b
t , δbt Voltage magnitude and phase angle at bus b at time t (p.u.).

Sb
t Apparent flow through branch connected to bus b at time t (p.u.).

P b,g
t , Qb,g

t Active and reactive power generation at bus b at time t (p.u.).

P b,d
t , Qb,d

t Active and reactive power demand at bus b at time t (p.u.).

P b∗,max
t,exp Maximum export power limit at the point of connection, bus b∗ (MW).

P b∗,max
t, Maximum import power limit at the point of connection, bus b∗ (MW).

3.2 Introduction

This chapter presents a novel framework to optimize the deployment of grid-connected AA-

CAES considering its participation in GSs across diverse electricity markets. The proposed

framework determines the component sizing of an AA-CAES facility and its operational schedul-

ing across multiple timescales, including short-term (daily), long-term (weekly), and seasonal

(monthly to yearly), by utilizing flexible dispatch horizons. The proposed framework aims to

minimize capital and operational costs of the facility while maximizing GSs revenues, i.e., OR

and CMDR. The developed framework accounts for the AA-CAES thermodynamic constraints

and power grid capacity and voltage limits. The optimization framework yields the optimal

sizes of AA-CAES components; the hourly optimal power imports and exports; and the hourly
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power participation in each GS. The proposed framework is validated using the IEEE 30-bus

benchmark system and real historical data across three different electricity markets, each em-

ploying a distinct electricity pricing scheme. The results show that AA-CAES is economically

feasible for CMDR across all markets, while being more suitable for EA and OR provision

in markets characterized by high price variability. The results also indicate that extending the

scheduling horizon increases revenue, thereby demonstrating the viability of AA-CAES as a long-

and seasonal-term storage technology. The main contributions of this work are summarized as

follows:

• The proposed optimization framework for techno-economic analysis employs a detailed

yet computationally efficient thermodynamic AA-CAES model, accurately capturing the

interdependence among compressed air temperature, pressure, and flow dynamics. This

ensures realistic performance representation while maintaining tractability for large-scale

optimization.

• It integrates multiple electricity markets with diverse pricing schemes, i.e., fixed, low

variability, and high hourly variability, while evaluating AA-CAES participation in GSs.

This feature enables robust revenue maximization strategies across EA and GSs markets

under varying economic scenarios.

• The framework supports adjustable scheduling horizons, allowing assessment AA-CAES

feasibility across short-, long-, and seasonal-term operations. This multi-scale approach

provides strategic insights for investment planning and operational flexibility, ensuring

profitability under dynamic market and seasonal conditions.

The remaining sections of the chapter are organized as follows: Section 3.3 presents the

mathematical model of the AA-CAES and provides a comprehensive explanation of the asso-

ciated GSs. Then, Section 3.4 outlines the formulation of the proposed sizing and operation

optimization model. In Section 3.5, the results of the numerical analysis are discussed. Finally,

this chapter is concluded in Section 3.6.

3.3 System Description

This section presents the modeling of the AA-CAES and illustrates its participation in GSs.

Fig. 3.1 shows a schematic diagram of a grid-connected AA-CAES. As depicted, AA-CAES
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Figure 3.1: AA-CAES–grid operator interaction for GSs provision.
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Figure 3.2: Schematic diagram of the AA-CAES.

receives communication signals from the grid operator based on grid data to manage its EA

and participation in GSs. By responding to operator signals and incorporating market data,

the AA-CAES optimally manages its charging and discharging to maximize its revenue.

3.3.1 AA-CAES Modeling

Fig. 3.2 presents a schematic diagram of the AA-CAES. As depicted, the AA-CAES com-

prises a motor, multi-stage compressors, an air reservoir, multi-stage turbines, a generator, HXs

, and a TES unit. During the charging phase, electrical energy is used to power the motor,

which drives the compressors. As air is compressed, its pressure and temperature increase. The

thermal energy generated during compression is extracted using the compressor-side HXs and
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stored in the TES. The resulting cooled, pressurized air is then stored in the air reservoir.

During the discharging phase, the recovered thermal energy from compression is used to

enhance the overall energy conversion efficiency. This is achieved by preheating either the stored

pressurized air or the cold air exiting intermediate turbine stages as a result of expansion. The

preheated air is then expanded through the turbines, where it drives the generator to produce

electricity.

The AA-CAES is modeled based on the following assumptions [84], [85]: air obeys ideal gas

law, the air reservoir is treated as isothermal, and the TES is adiabatic.

3.3.1.1 Compressors and Turbines

The charging and discharging powers of the compressors and turbines, respectively, are cal-

culated as follows:

PC
t =

1

ηmηc
Ca

p

∑
nc∈Nc

(
r

γ−1
γ

c − 1

)
Tnc,in
t · ṁc

t , ∀t ∈ Tm (3.1)

PT
t = ηgηtr Ca

p

∑
ntr∈Ntr

(
1− r

1−γ
γ

tr

)
Tntr,in
t · ṁtr

t , ∀t ∈ Tm (3.2)

Where the efficiencies of the compressors ηc and turbines ηt are calculated using empirical

correlations [86], given by:
ηc = 0.91− rc − 1

300
(3.3)

ηtr = 0.90− rtr − 1

250
(3.4)

3.3.1.2 Air Reservoir

The rate of pressure increase due to compressors charging can be calculated by:

pint =
RT r

V r
· ṁc

t ∀ t ∈ T (3.5)

Similarly, the pressure decrease due to turbines discharging is given by:

pdet =
RT r

V r
· ṁtr

t ∀ t ∈ T (3.6)

The total reservoir pressure prt is updated recursively based on the net effect of charging and

discharging flows at each time step [19]:

prt = prt−1 +
(
Ct · pint −Dt · pdet

)
·∆t ∀ t ∈ T (3.7)
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The air mass stored in the reservoir is updated according to the following relation:

ma
t = ma

t−1 +
(
Ct · ṁc

t −Dt · ṁtr
t

)
·∆t ∀ t ∈ T (3.8)

3.3.1.3 TES and HXs

The outlet air temperatures of the (nc)th compressor and the
(
ntr
)th turbine are defined by

the following expressions, respectively [19]:

T c
out,nc = T c

in,nc

[
1 +

1

ηc

(
r

γ−1
γ

c − 1

)]
(3.9)

T tr
out,ntr = T tr

in,ntr

[
1−

(
1− r

1−γ
γ

tr

)
ηtr
]

(3.10)

The heat exchange between the air and the heat storage medium on the compression side is

governed by an energy balance in HXc
1 and HXc

2, as follows [21]:

ṁa
HXc

nc
Ca
p

(
T c
out,nc − T a

HXc
nc ,out

)
=

ṁw
HXc

nc
Cw
p

(
Tw
HXc

nc ,out − Tw
HXc

nc ,in

) (3.11)

On the expansion side, the corresponding heat exchange in HXtr
1 and HXtr

2 follows [21]:

ṁa
HXtr

ntr
Ca
p

(
T tr
in,ntr − T a

HXtr
ntr ,in

)
=

ṁw
HXtr

ntr
Cw
p

(
Tw
HXtr

ntr ,out
− Tw

HXtr
ntr ,in

) (3.12)

3.3.2 AA-CAES Participation in GSs

EA refers to the profits obtained by strategically charging the AA-CAES during periods

of low electricity prices and discharging during periods of high prices, in response to market

fluctuations. In the OR service, participants receive activation signals to increase their power

output and are compensated for each megawatt-hour imported/exported from the grid [15].

Upon receiving the activation signal, the participant must reach the requested power output

within the allowed ramping period, TOR
Rmp, which typically spans a few minutes [87]. CMDR

can take various forms–one of which requires participants to commit to maintaining a specified

discharge capacity during predefined availability windows. In this arrangement, participants

receive compensation for their readiness, regardless of whether activation is ultimately required

[87]. The payment is determined by the awarded price and the committed capacity. To deter-

mine this compensation, system operators implement a structured market process. The CMDR
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Figure 3.3: CMDR key milestones and time windows.

process begins with the obligation period, during which participants submit their available ca-

pacity in MW along with the associated bid price in $/MW. Subsequently, the PSO publishes

the final list of CMDR providers and the corresponding market clearing price. During activation

events, the selected providers are obligated to deliver the committed capacity in accordance with

established market guidelines and operational rules.

Fig. 3.3 illustrates the key milestones and associated time windows of a typical CMDR

event. As shown, the grid operator issues a standby notice either on the preceding day or

during the early morning of the event day. CMDR activation may commence at any point

within the availability window, with the actual activation time window representing the period

during which providers are obligated to maintain their committed capacity. There should be an

interval between the end of the standby notice period and the start of the availability window,

which represents the minimum preparation time tCMDR
prep,min. This can reflect a worst-case scenario

in which the AA-CAES may begin from its minimum allowable pressure and must complete

charging within this limited period to ensure readiness for activation. It is worth noting that

the timing and duration of the availability and activation windows may vary across seasons, and

that activations are restricted to business days only [87].

CMDR performance is evaluated against a standard baseline; only the portion of power

exceeding this baseline is recognized as eligible. To comply with this requirement, the AA-CAES

is restricted from exceeding the baseline power PSTD during designated standard periods, which

are defined as time intervals preceding each CMDR activation. Specifically, for every activation

start time t ∈ TCMDR
start , the corresponding standard period is defined as a fixed-length window

that spans from t−∆tSTD to t.

TSTD =
[
t−∆tSTD, t

)
∀ t ∈ TCMDR

start (3.13)
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Figure 3.4: Outline of the proposed optimization framework.

3.4 Problem Formulation

This section provides the mathematical formulation of the proposed optimization framework.

Fig. 3.4 illustrates the outline of this formulation. As shown in the figure, the formulation

comprises two interdependent stages: component sizing and operational scheduling. In the

sizing stage, the model determines the optimal compressor and turbine subsystem sizes for

system design, as well as the CMDR contract obligation capacity, which are subsequently used

as fixed inputs in the operation stage. The sizing stage is performed for the entire optimization

period to capture the long- and seasonal-term storage capabilities, while the operation stage

employs adjustable scheduling horizons, allowing the assessment of AA-CAES feasibility across

short-, long-, and seasonal-term operations. The following subsections present the detailed

mathematical formulation of the proposed optimization framework’s objective function and

constraints as described hereunder.
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3.4.1 Objective Function

The objective function considers five system cost components (i.e., CapEx, OpEx, EA,

CMDR, and OR revenues) with the aim of maximizing the net profit as provided below:

min
∑
t∈T

CapEx+OpEx−RevEA −RevOR −RevCMDR (3.14)

The consideration of CapEx in the objective function aims to optimally determine the sizes

of the compressor Sc and turbine Str subsystems. The investment cost is dominated by the

turbomachinery, which accounts for 85% of the total CapEx [88].

CapEx = U(r, τ c) · Cc · Sc + U(r, τ tr) · Ctr · Str (3.15)

Here it is worth noting that the CapEx of each system unit in (3.15) captures the time value of

money by using the annuity factor formula with r interest rate for a period of τ years, given as

[89]:

U(r, τ) =
r(1 + r)τ

(1 + r)τ − 1
· 1

8760
(3.16)

In addition to investment-related costs, the objective function incorporates OpEx (3.17), which

represents the costs associated with operating and maintaining the AA-CAES compressors and

turbines during charging and discharging over the dispatch horizon.

OpEx =
(
P ch
t ·Oc + P dch

t ·Otr
)
· ∆t ∀ t ∈ T (3.17)

The revenue expression in (3.18) quantifies the financial gains associated with EA by comput-

ing the net profit resulting from the time-shifted operation of the AA-CAES, based on market

electricity prices ePr
t and the corresponding charging and discharging schedules.

RevEA = ePr
t ·

(
PEA,dch
t − PEA,ch

t

)
· ∆t ∀ t ∈ T (3.18)

The revenue from participation in the OR market is computed using (3.19) as the product of

the OR market price ORPr
t and the portion of the AA-CAES power allocated to OR provision,

at each time step.

RevOR = ORPr
t · (POR,dch

t + POR,ch
t ) · ∆t ∀ t ∈ T (3.19)

The revenue associated with CMDR is represented in (3.20) as the product of the awarded price

CCMDR, the committed discharge capacity PCMDR, and the number of eligible business days

nBD during which the service is offered.

RevCMDR = PCMDR · CCMDR · nBD (3.20)
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Where the committed PCMDR capacity is defined as the excess turbines capacity available above

the baseline, expressed as:

PCMDR = Str − PSTD (3.21)

This encourages to select a turbines rating that enables profitable market participation while

satisfying baseline-based eligibility rules.

The objective function in (3.14) is subject to a set of constraints arising from the AA-CAES

operational characteristics, its participation in grid services, and interactions with the grid, as

explained in the following subsections.

3.4.2 AA-CAES Constraints

Given the detailed model of the AA-CAES presented in (4.27)–(3.12), the following con-

straints are imposed:

3.4.2.1 Compressors and Turbines

The compressors and turbines are constrained to operate within their respective rated power,

as follows:

0 ≤ P ch
t ≤ Ct · Sc ∀ t ∈ T (3.22a)

where, P ch
t = PEA,ch

t + POR,ch
t (3.22b)

0 ≤ P dch
t ≤ Dt · Str ∀ t ∈ T (3.23a)

where, P dch
t = PEA,dch

t + POR,dch
t (3.23b)

To prevent simultaneous charging and discharging, a mutual exclusivity condition is enforced

through:

Ct +Dt ≤ 1 ∀ t ∈ T (3.24)

3.4.2.2 Air Reservoir

The pressure increase and decrease within the air reservoir are bound to comply with the

simulation’s hourly resolution by limiting the duration of air mass transfer. These operational
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limits are captured by the following constraints:

pint V r

RT rṁc
t

≤ 3600 ∀t ∈ T (3.25)

pdet V r

RT rṁtr
t

≤ 3600 ∀ t ∈ T (3.26)

The reservoir pressure and stored air mass at the initial time step are initialized using the

known initial values, prinit and ma
init, with adjustments that account for whether the AA-CAES

begins in charging or discharging mode. These initialization rules are expressed as follows:

pr1 = prinit +
(
Ct · pin1 −D1 · pde1

)
·∆t (3.27)

ma
1 = ma

init +
(
C1 · ṁc

1 −D1 · ṁtr
1

)
·∆t (3.28)

For the scheduling stage, the initial reservoir pressure and stored air mass at the beginning of

each new scheduling horizon are set equal to the stored values from the preceding horizon.

The air reservoir pressure, as defined in (4.39) and (3.27), is subject to the following opera-

tional limits:

pr ≤ prt ≤ pr ∀ t ∈ T (3.29)

Similarly, the stored air mass, defined in (3.8) and (3.28), is constrained by the following oper-

ational limits:

ma ≤ ma
t ≤ ma ∀ t ∈ T (3.30)

3.4.2.3 TES and HX

Mechanical reliability of the turbine is ensured by maintaining the outlet air temperature

(3.10) above the icing threshold:

T tr
out,ntr ≥ T tr

icing (3.31)

Considering that the air mass flow rate through the heat exchangers, ṁa
HX , is four times the

water mass flow rate, ṁw
HX , a comparable temperature change between the two fluids can be

achieved. Consequently, the following temperature relationships hold:

T c
in,nc = Tamb, T tr

in,ntr = T c
out,nc (3.32)
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3.4.3 GSs Constraints

During the participation in OR, the ramping up and down of both charging and discharging

power allocated to OR within the allowed ramping period, TOR
Rmp, must not exceed the maximum

ramp rate of the AA-CAES, RR, as follows:

|POR,ch
t − POR,ch

t−1 |
TOR
Rmp

≤ RR ∀ t ∈ T (3.33a)

|POR,dch
t − POR,dch

t−1 |
TOR
Rmp

≤ RR ∀ t ∈ T (3.33b)

To ensure that the AA-CAES fulfills its contractual obligations under the CMDR framework,

a set of operational constraints is imposed in accordance with market rules and service require-

ments. The AA-CAES must store sufficient energy during the minimum preparation period

tCMDR
prep,min to sustain the required discharge throughout the CMDR activation window. To ensure

feasibility under this conservative scheduling, the following energy balance constraint is imposed

during the component sizing stage:

Sc

ηmηc
· tCMDR

prep,min ≥ Str · ηgηtr · |TCMDR
e | (3.34)

Where tCMDR
prep,min represents the smaller of the summer and winter preparation times, and |TCMDR

e |

denotes the number of time steps associated with a specific CMDR activation event.

To align with performance evaluation criteria in CMDR, the discharging power is restricted

during the defined standard periods, enforced through the following constraint:

PEA,dch
t ≤ PSTD ∀ t ∈ TSTD (3.35)

During the CMDR activation window, the system is required to deliver power that closely

follows the committed capacity PCMDR, subject to a specified tolerance δCMDR, while also

ensuring exceeding the baseline power PSTD:

(1− δCMDR) · (PCMDR + PSTD) ≤ PEA,dch
t ≤ (PCMDR + PSTD) ∀ t ∈ TCMDR (3.36)

The expression in (3.36) ensures that the discharge power during each activation period remains

within the allowable deviation band around the committed capacity and remains above the

baseline threshold, thereby guaranteeing compliance with CMDR performance requirements.
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Figure 3.5: Single line diagram of IEEE 30-bus system under study.

3.4.4 Grid Constraints

The optimization model also considers the maximum power limits that the AA-CAES system

can export (P b∗,max
t, exp ) or import (P b∗,max

t, imp ) to/from the grid at the point of connection, bus (b∗),

as follows:

P ch
t ≤ P b∗,max

t, exp ∀ t ∈ T (3.37a)

P dch
t ≤ P b∗,max

t, imp ∀ t ∈ T (3.37b)

The export and import power limits are functions of the grid bus voltages, thermal line capaci-

ties, and active and reactive power flows. Therefore, two sub-optimization problems are solved

to determine these limits: i) maximizing the power export at bus b∗, P b∗
exp, and ii) maximizing

the power import at bus b∗, P b∗
imp as provided in (3.38a) and (3.38b), respectively.

P b∗,max
t, exp = max

Pt,Qt,Vt,δt
P b∗
t, exp ∀ t ∈ T ∧ b ∈ B (3.38a)

P b∗,max
t, imp = max

Pt,Qt,Vt,δt
P b∗
t, imp ∀ t ∈ T ∧ b ∈ B (3.38b)

Each of these sub-optimization problems is subject to the grid constraints, including bus voltage

V b
t , thermal line capacity Sb

t , active power flow P b
t , and reactive power flow Qb

t , as defined in
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(3.39), (3.40), (3.41), and (3.42), respectively.

V b ≤ V b
t ≤ V b ∀ t ∈ T ∧ b ∈ B (3.39)

Sb
t ≤ Sb ∀ t ∈ T ∧ b ∈ B (3.40)

P b,g
t = P b,d

t + V b
t

B∑
q=1

V q
t Y

b,qCos(δbt − δqt − θb,q) ∀ t ∈ T ∧ b, q ∈ B (3.41)

Qb,g
t = Qb,d

t + V b
t

B∑
q=1

V q
t Y

b,qSin(δbt − δqt − θb,q) ∀ t ∈ T ∧ b, q ∈ B (3.42)

It is worth noting that the sub-optimization problems (3.38a) and (3.38b) are solved first to

determine the grid power export and import limits at the connection bus b∗ (i.e., P b∗,max
t,exp and

P b∗,max
t,imp ). These limits are subsequently imposed as fixed constraints, as given in (3.37a) and

(3.37b), on the AA-CAES charging and discharging power, thereby capturing the overall impact

of the grid.

This decomposition of the original optimization problem into a main problem (3.14) and

two sub-optimization problems (3.38a) and (3.38b) enhances the flexibility of the framework

and enables both grid operators and private investors to benefit from the proposed formulation.

Grid operators typically have access to detailed power system data and can therefore solve

the sub-optimization problems to determine the maximum export and import limits. These

limits are then incorporated into the main optimization problem to evaluate the feasibility of

AA-CAES in enhancing grid resiliency and participating in GSs markets. In contrast, private

investors may rely on predetermined export and import limits based on agreements with the

system operator. In such cases, they can directly solve the main optimization problem without

the need to perform the sub-optimization stage.

3.5 Simulation Results

The effectiveness of the proposed optimization model was validated on the modified IEEE

30-bus system [90] shown in Fig. 3.5, where the AA-CAES is connected to bus 15. The

component sizing was performed over a full-year dispatch horizon with a one-hour time step to

ensure capturing the long- and seasonal-term storage capabilities along with the short-term one.

The operational performance of the AA-CAES was evaluated for short-, long-, and seasonal-

term storage by considering three representative scheduling horizons of one day, one week, and
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Figure 3.6: Hourly electricity prices: (a) Ontario, and (b) Europe.

one month, respectively. Based on the specified set T, the scheduling horizon was defined

dynamically, corresponding to an optimization window of |T| hours.

To capture the influence of diverse electricity pricing, three representative markets with dis-

tinct pricing schemes were analyzed: the provinces of Québec and Ontario in Canada, and the

European market. Québec, supported by abundant hydroelectric resources, has a fixed and pre-

dictable tariff, enabling a stable flat-rate structure. The electricity system in Ontario relies on a

diverse generation mix that includes nuclear, hydroelectric, natural gas, and renewable sources.

Under the IESO, Ontario’s hourly prices fluctuate in response to market conditions and grid

demand, resulting in higher variability and less predictable costs compared to Québec. Extend-

ing the comparison beyond Canada, the European market exhibits even stronger variability in

electricity prices. This volatility is primarily driven by the high penetration of renewable en-

ergy, extensive cross-border electricity trading, and pronounced sensitivity to natural gas prices

[91]. The hourly real-time electricity prices and electrical demand data used in this study are

obtained from Hydro-Québec [92], the IESO in Canada [93], and [94]. Fig. 3.6 presents the

historical hourly electricity prices for Ontario and Europe during 2024, illustrating the high

price variability in the European market compared to the relatively more stable structure ob-

served in Ontario, while Québec maintains an even more stable flat-rate tariff of 30 $/MWh.

The corresponding demand data are extracted from publicly available datasets [95]. To repre-

sent electricity-price and demand uncertainty, the hourly electricity price and load series were

modeled using hour-specific normal probability density functions and discretized into a finite
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Table 3.1: Case studies of AA-CAES participation in GSs across markets.

GS EA EA+OR EA+CMDR EA+OR+CMDR

Case 1 2 3 4 5 6 7 8 9 10 11 12

Market QC ON EU QC ON EU QC ON EU QC ON EU

Note: EU = Europe, ON = Ontario, QC = Québec.

set of states. These state distributions were then sampled to generate 1000 Monte Carlo scenar-

ios, with each scenario probability computed as the average of the corresponding hourly state

probabilities [96].

In each of the three considered markets, four service-participation cases were examined, yield-

ing a total of twelve case studies as summarized in Table 3.1. Specifically, cases 1–3 correspond

to participation in EA, cases 4–6 to EA with OR, cases 7–9 to EA with CMDR, and cases 10–12

to EA with both OR and CMDR, evaluated across the three markets—Québec, Ontario, and

Europe, respectively. The optimization framework is implemented in Python and solved using

Gurobi solver, and simulations are conducted on an Apple M1 Pro workstation with 16 GB

RAM.

3.5.1 Cases 1–3: AA-CAES Performs Only EA

Cases 1 to 3 consider the AA-CAES performing only EA across Québec, Ontario, and Europe,

respectively. The sizes of the AA-CAES components obtained from the optimization model are

reported in Table 3.2, where, in cases 1 and 2, the model decided not to allocate AA-CAES.

By contrast, in case 3, the compressor and turbine subsystems’ rated power, Sc and Str, are

found to be 64 MW and 63 MW, respectively, corresponding to rated air mass flow rates of 102

kg/s through the compressors and 167 kg/s through the turbines. Table 3.3 presents the annual

economic performance as a detailed breakdown of the objective function components defined in

(3.14), including CapEx, OpEx, RevEA, and the resulting net revenue across markets under

both component sizing and operational scheduling horizons. As shown earlier, the Québec

and Ontario markets exhibit relatively stable electricity price profiles, making EA performance

economically infeasible as the limited arbitrage revenue fails to offset the CapEx and OpEx costs

of AA-CAES. As such, there was no allocation of AA-CAES in these markets. In the European

41



3.5 SIMULATION RESULTS

Table 3.2: Optimal component sizing for all case studies.

Case 1 2 3 4 5 6 7 8 9 10 11 12

Sc (MW) 64 - - 64 - - 23 24 64 23 24 64

mc
r (kg/s) 102 - - 102 - - 37 39 102 37 39 102

Str (MW) 63 - - 72 - - 74 76 73 74 76 73

mtr
r (kg/s) 167 - - 191 - - 197 202 194 197 202 194

market, where price variability is substantially higher, EA performance becomes profitable,

leading the optimization to allocate AA-CAES.

In case 3, the component sizing results show that both CapEx and OpEx are approximately

4 M$, while the RevEA exceeds 12 M$, resulting in net revenue exceeding 4 M$, as illustrated in

Table 3.3. However, a closer examination of the operational stage reveals that the effectiveness

of arbitrage is highly dependent on the length of the scheduling horizon. Under a day-ahead

scheduling horizon, the system is unable to make informed charging and discharging decisions

due to limited foresight. This, in turn, results in significantly reduced RevEA, and consequently,

a negative profit is achieved. In essence, the short horizon prevents the system from exploit-

ing multi-day price variations, resulting in inefficient operation over time. By extending the

scheduling horizon, the optimization results progressively converge toward those of the compo-

nent sizing stage, with the weekly horizon yielding closer alignment and the monthly horizon

showing an almost exact match, thereby demonstrating the viability of AA-CAES as a long-

and seasonal-term storage technology.

Fig. 3.7 illustrates the electricity price profile and the resulting optimal operations under both

day-ahead and weekly scheduling horizons for case 3 over a representative week drawn from the

full-year simulation. As shown in Fig. 3.7(b), both horizons successfully capture low electricity

price periods to charge the AA-CAES. However, the weekly horizon exhibits a broader charging

strategy, leveraging extended foresight to store more energy during favorable price windows.

This longer forecasting horizon also enables the weekly strategy to defer discharging to periods

with higher electricity prices later in the week. By contrast, the day-ahead horizon, constrained

by limited foresight, tends to utilize the stored energy more quickly, initiating discharging earlier

in response to short-term price signals.
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Table 3.3: Annual economic performance of EA participation across various markets and

scheduling horizons.

Market (Case)
Cost/

Revenue Sizing
Operational Scheduling

Monthly Weekly Daily

Québec (1) - - - - -

Ontario (2) - - - - -

Europe (3)

CapEx (M$) 3.976 3.976 3.976 3.976

OpEx (M$) 3.861 3.861 3.818 2.214

RevEA (M$) 12.755 12.755 12.106 6.111

Net Revenue (M$) 4.917 4.917 4.311 -0.07

Fig. 3.7(c) presents the corresponding air reservoir pressure profiles. The figure highlights

the limited foresight associated with the day-ahead horizon, as well as the more strategic, multi-

day utilization enabled by the weekly horizon. Notably, there are periods during which the

day-ahead schedule results in neither charging nor discharging. This behavior can be attributed

to electricity price fluctuations that are insufficient to justify operation. Specifically, even when

minor price variations are present, the expected arbitrage revenue may not offset the round-trip

energy losses inherent to AA-CAES components, making charging and discharging economically

suboptimal.

These findings yield two key insights. First, long-duration ES technologies such as AA-CAES

are economically viable for EA only in markets with high electricity price variability. Second, the

AA-CAES system demonstrates greater economic viability over longer operational scheduling

horizons (e.g., weekly or monthly), reflecting its enhanced economic feasibility as a long- and

seasonal-term ES.

3.5.2 Cases 4–6: AA-CAES Performs EA and Participates in OR

Table 3.2 shows that in case 6, the inclusion of OR increases Str to 73 MW, compared to 63

MW in case 3, thereby enabling the AA-CAES to respond to OR signals during periods of high

OR prices. The corresponding rated air mass flow rate through the turbines increases from 167

kg/s to 191 kg/s. In contrast, the Sc size remains fixed at 64 MW in both cases.
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Figure 3.7: Optimal operational scheduling under both day-ahead and weekly scheduling hori-

zons over a representative week in Europe for case 3: (a) Europe electricity price, (b) AA-CAES

charging and discharging power, and (c) Air reservoir pressure.

As illustrated in Table 3.4, this increase in Str leads to a higher RevEA, as it allows the

AA-CAES to discharge at greater power. It also generates a modest RevOR of approximately

0.5 M$. Although relatively small, this additional revenue stream justifies the investment, since

the combined increase in CapEx and OpEx from case 3 to case 6 is lower than the sum of RevOR

and the extra revenue gained from the enhanced EA capability.

These findings yield a key insight: participation in OR increases the discharging capacity of

the AA-CAES. This is economically beneficial from both the EA and OR perspectives, although

the contribution to the net profit remains modest.

3.5.3 Cases 7–9: AA-CAES Performs EA and Participates in CMDR

Considering the dependence of CMDR on a predetermined committed capacity rather than

fluctuations in electricity prices, participation is feasible in both Canadian and European mar-

kets, as shown in Table 3.2. Since EA is not profitable in the Canadian markets, Sc is set

much lower than Str in cases 7 and 8, as charging primarily supports CMDR obligations. The

discharge capacity is increased to maximize CMDR compensation. In case 9, Str is further

increased by 10 MW compared to the EA-only performance in case 3.

Fig. 3.8 illustrates the optimal operation of the AA-CAES in Ontario for case 8 under two
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Table 3.4: Annual economic performance of EA and OR participation across various markets

and scheduling horizons.

Market (Case)
Cost/

Revenue Sizing
Operational Scheduling

Monthly Weekly Daily

Québec (4) - - - - -

Ontario (5) - - - - -

Europe (6)

CapEx (M$) 4.278 4.278 4.278 4.278

OpEx (M$) 4.112 3.900 3.869 2.414

RevEA (M$) 13.174 12.418 12.060 6.413

RevOR (M$) 0.585 0.563 0.549 0.433

Net Revenue (M$) 5.368 4.802 4.461 0.153

consecutive CMDR events. As shown in Fig. 3.8(a), the availability window coincides with

periods of elevated electricity prices. Fig. 3.8(b) demonstrates that the AA-CAES strategically

charges prior to the availability window to ensure sufficient stored energy for activation. During

the activation window, the system discharges at the committed level while maintaining output

above the tolerance threshold in (3.36). In this case, the committed discharge capacity PCMDR

was set equal to Str, with the baseline output PSTD fixed at zero to maximize economic benefits,

as in (3.21). Consequently, no discharging occurred prior to the availability window due to the

zero-baseline condition.

The air reservoir pressure shown in Fig. 3.8(c) illustrates how the AA-CAES can handle the

worst-case scenario by completing the required charging within the limited time of tCMDR
prep,min, as

specified in (3.34). Under the day-ahead horizon, the system starts at the minimum allowable

pressure of 40 bar and completes charging within the minimum preparation period of 17 hours.

Fig. 3.9(a) presents a detailed breakdown of the components of the objective function under

EA and CMDR. For cases 7, 8, and 9, the values of PCMDR are identical to the optimal Str

reported in Table 3.2, and their close values result in almost identical RevCMDR. However, the

European market exhibits higher CapEx compared to the Canadian markets, owing to the larger

Sc required for EA. Consequently, RevEA in Europe is much higher than in Canada, which in

turn leads to higher OpEx due to more frequent charging and discharging. It is worth noting
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Figure 3.8: Optimal operation in Ontario for case 8 under two consecutive CMDR events (a)

Ontario electricity price, (b) AA-CAES charging and discharging power, and (c) Air reservoir

pressure.

that in the European market, RevEA is lower than the case of participating in EA alone, due to

the reduced operational flexibility resulting from the obligation to satisfy CMDR requirements.

Overall, this results in greater net revenue in Europe. In contrast, RevEA in the Canadian

markets is very low and remains below both CapEx and OpEx, with most of the net revenue

generated from CMDR. This observation is consistent with the findings discussed in Sections

3.5.1 and 3.5.2.

These findings yield three key insights. First, AA-CAES can engage in CMDR in both rela-

tively stable-price markets (i.e., Québec and Ontario) and markets characterized by high price

variability (i.e., Europe). Second, in markets characterized by high variability, AA-CAES seeks

to maximize both charging and discharging capacities to leverage price fluctuations. By con-

trast, in stable-price markets, AA-CAES can enhance profitability by exploiting the difference

between charging and discharging capacities, allocating a smaller capacity for charging and a

larger capacity for discharging. This approach maximizes CMDR compensation while minimiz-

ing CapEx and OpEx. Third, the CMDR revenue is not a function of the operational scheduling

horizon, indicating that engaging in CMDR is feasible for short-, long-, and seasonal-term op-

erations. Hence, in relatively stable-price markets—where significant revenue from EA is not

achievable and profitability mainly depends on CMDR revenue—it is recommended to operate

the AA-CAES as a short-term storage system and adopt a daily scheduling horizon, since longer
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Figure 3.9: Annual economic performance across different markets under both component sizing

and operational scheduling horizons (a) for EA with CMDR, and (b) for EA with CMDR and

OR.

horizons do not enhance profitability.

3.5.4 Cases 10–12: AA-CAES Performs EA and Participates in OR and

CMDR

In cases 10–12, the participation of AA-CAES in OR, along with EA and CMDR, yields

negligible effects on the component sizing compared to cases 7–9, as given in Table 3.2. In

terms of operational scheduling, OR provision in stable-price markets (i.e., Cases 10 and 11)

yields modest revenue, unlike Cases 4 and 6, where the AA-CAES was not economically feasible

for OR participation. This improvement is mainly attributed to the inclusion of CMDR in

Cases 10 and 11, which generated sufficient additional revenue to cover the AA-CAES CapEx

and OpEx, thereby enabling the required infrastructure for OR provision. In high-variability

markets, performing EA provides the highest revenue, particularly for long- and seasonal-term

operation; hence, the AA-CAES achieves nearly the same modest OR revenue in both Case

6—where it performs EA and participates in OR—and Case 12—where it performs EA and

participates in both OR and CMDR. Further, comparing Fig. 3.9(b) with Fig. 3.9(a) reveals

that AA-CAES participation in OR has only a minor impact on the net revenue compared to

CMDR across all markets.
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These findings yield a key insight: in stable-price markets, AA-CAES participation in OR

must be combined with both EA and CMDR to be economically feasible, whereas in high-

variability markets, OR provision can be economically viable when combined with either EA,

CMDR, or both.

3.6 Chapter Summary

This chapter presents a novel optimization framework for the deployment of grid-connected

AA-CAES considering participation in GSs. The framework is developed to optimize the com-

ponent sizing of the AA-CAES and its short-term, long-term, and seasonal-term dispatch by

employing various scheduling time horizons. The objective is to minimize CapEx and OpEx

while maximizing net revenue from GSs, considering the thermodynamic characteristics of AA-

CAES, the operational requirements of GSs provision, and the power grid operation limits. The

proposed model is validated through multiple case studies of EA, OR, and CMDR across diverse

electricity markets (i.e., Québec, Ontario, and Europe), each of which has a different electricity

pricing scheme. Twelve case studies are conducted, exploring all GSs combinations and high-

lighting the influence of the electricity pricing schemes and the services’ portfolios on optimal

component sizing and operation of AA-CAES.

The results revealed that AA-CAES achieves economic viability for performing EA in markets

with high price variability (i.e., Europe), especially for long- and seasonal-term operation. In

contrast, it is unprofitable in markets with relatively stable prices (i.e., Québec and Ontario).

Similarly, participation in OR alongside performing EA is economically feasible only in markets

with high price variability; however, it increases discharging capacity, yielding slightly higher

economic benefits than performing EA alone. Conversely, CMDR alongside performing EA

proves effective for both fixed and variable electricity price markets, with significantly higher

profitability in markets with high variability, mainly because of the additional profit achieved

from performing EA in high variability markets. Additionally, the revenue of performing EA and

OR participation increases proportionally with the scheduling horizon, reflecting the influence

of storage duration—whether short-term, long-term, or seasonal-term. Yet, the revenue from

CMDR is independent of the scheduling horizon due to CMDR regulations, which require the

same capacity to be available on all days throughout the obligation period. Therefore, unlike

performing EA and the participation in OR, longer scheduling horizons do not enhance CMDR

revenue, indicating that this service is suitable for all storage durations.
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Overall, the developed holistic framework can guide both system operators and stakeholders

in assessing the suitability of AA-CAES across diverse electricity markets and in providing

various GSs over different storage durations.
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Chapter 4

Optimal Energy Resource Sizing of

LEFs Participating in

Capacity-Markets Based DR

Considering Convex-Relaxed Market

Constraints

4.1 Nomenclature

4.1.1 Sets

Tm Set of month m time intervals.

TADJ
e Set of DR event e adjustment window time intervals.

TDR Set of DR activation windows time intervals.

M Set of the planning horizon months.

N c, N tr Set of CAES compressors and turbines.
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4.1 NOMENCLATURE

4.1.2 Indices

t Time index.

m Month index.

e DR event index.

w Historical day index.

nc, ntr Indices of CAES compressors and turbines.

4.1.3 Parameters

∆t Time step duration (hour).

HEPt Hourly energy price at time t ($/MWh).

EAm Energy Adjustment cost at month m ($/MWh).

C1 Energy regulatory charge ($/MWh).

C2, C3 Active/Reactive power delivery charge ($/MW).

C4 Monthly fixed billing charge ($).

PFm Power factor of the LEF in month m (%).

N , W Number of highest loads hours and preceding days used in baseline calculation, respec-

tively.

δDR Tolerance for demand reduction (%).

AFmin Minimum allowable Adjustment Factor (AF) (%).

AFmax Maximum allowable AF (%).

Cs, Os CapEx ($/MW), OpEx ($/MWh) of unit s.

LT s Lifetime for unit s (years).

CCHP
m CHP monthly CapEx and OpEx ($/month).

Cfuel CHP fuel price ($/MWh).
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λPV Curtailed PV power penalty factor ($/MWh).

GHGgrid
t Grid GHG emissions at time t (ton/MWh).

PLGHG GHG penalty ($/ton).

αCHP
GHG GHG emission factor of the CHP (ton/MWh).

CDR DR clearing price ($/MW/business-day).

NBD
m Number of business days in month m.

DPV PV drift factor (p.u).

Gt Solar irradiation at time t (kW/m2).

αPV PV alpha factor (1/◦C).

TPV
t PV cell temperature at time t (◦C).

T amb
t Ambient temperature at time t (◦C).

αBS
min /max Minimum/maximum BES state of charge (%).

a0–a5, z BES degradation model parameters.

RC Residual cost at the end of the BES lifetime.

ηBS
Ch/Dch BES charge/discharge efficiency (%).

∆ID BES calendar aging index.

TBS
t BES temperature at time t (◦C).

K Boltzmann constant (J/K).

Df HES hydrogen tank dissipation factor (%/h).

ρPH HES ower-to-hydrogen factor (m3/MWh).

ηEL, ηFC HES electrolyzer and fuel cell efficiencies (%).

αHT
min Minimum HES tank state of charge (%).

αHT
max Maximum HES tank state of charge (%).
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ηm, ηg CAES motor and generator efficiencies (%).

ηc CAES compressor efficiency (%).

ηtr CAES turbine efficiency (%).

Ca
p , Cw

p Specific heat capacity of air and water (J/kg·K).

rc, rtr CAES compression and expansion ratio (p.u).

γ, R Specific heat ratio, and gas constant (J/kg·K).

T r, V r Air reservoir temperature and volume (K, m3).

prmin CAES air reservoir minimum pressure (bar).

prmax CAES air reservoir maximum pressure (bar).

T tr
icing Turbine outlet temperature to prevent icing (K).

P grid
max Rated capacity of the LEF transformer (MW).

PCHP
max Rated capacity of the CHP (MW).

4.1.4 Variables

P grid
t Grid power imported at time t (MW).

P peak
m Grid peak power in month m (MW).

CBill
m Electricity bill in month m ($).

PSTD
t Standard baseline load at time t (MW).

PDR
Con Contracted demand reduction (MW).

AFe DR event e AF (p.u).

PAct
t Adjusted baseline load at time t (MW).

PDR
t Delivered demand reduction at time t (MW).

Ss Optimal sizing decision for unit s (MW).

PCHP
t Power output of the CHP at time t (MW).
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PPV,Crt
t PV curtailment power at time t (MW).

PPV,M
t PV maximum power at time t (MW).

PPV,U
t PV utilized power at time t (MW).

CBS,cyc
t BES cycling degradation cost at time t ($).

CBS,cal
t BES calendar degradation cost at time t ($).

PC
t , P T

t CAES Compressors and turbines power at time t (MW).

PEL
t HES electrolyzer power at time t (MW).

PFC
t HES fuel cell power at time t (MW).

SoCBS
t BES state of charge at time t (MWh).

PBS,Ch
t BES charging power at time t (MW).

PBS,Dhg
t BES discharging power at time t (MW).

SoCHT
t HES tank state of charge at time t (m3).

prt CAES air reservoir pressure at time t (bar).

ṁc
t , ṁtr

t CAES Compressors and turbines air mass flow rates at time t (kg/s).

pint , pdet CAES air reservoir pressure increase and decrease at time t (bar).

T
nc,in\out
t Inlet/Outlet air temperature of CAES (nc)th compressor at time t (K).

T
ntr, in\out
t Inlet/Outlet air temperature of CAES

(
ntr
)th turbine at time t (K).

ṁHX
nc\ntr

w
t Water mass flow rate in CAES compressor-side/turbine-side HXs at time t (kg/s).

T
HX

nc\ntr

w\air
t Water/Air temperature of CAES compressor-side/turbine-side HXs at time t (K).

4.2 Introduction

CMDR constitutes the dominant share of aggregated DR capacity, accounting for approxi-

mately 70-90% of total DR resources in modern power systems. Despite its critical role in system
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adequacy and peak load mitigation, CMDR participation, together with its complex baseline

formulation, verification procedures, and regulatory rules, has been largely overlooked in the

optimal sizing and management of large consumers. This chapter proposes an optimal energy

resource planning and management framework for LEFs with onsite energy resources participat-

ing in CMDR programs. To address the strong nonlinearity of CMDR rules, a convex relaxation

is developed that provides a conservative and reliable estimate of deliverable demand reduction

while preserving global optimality. The framework co-optimizes the investment and operation

of on-site energy resources, including CHP, PV, and both short and long terms ES technologies:

battery, hydrogen, and compressed air. The proposed model integrates CMDR regulations with

commercial electricity billing components, capturing key value streams such as capital expendi-

tures, operating costs, EA, peak-demand charge reduction, and DR revenues. The framework

accounts for real-time grid GHG emissions to incentivize load reductions that enhance system-

wide decarbonization during carbon-intensive periods. The proposed framework is validated on

real-world data from York University’s Keele campus in Ontario, represented as an LEF with

diverse energy loads and assets. The results underscore the critical role of coordinated planning

and management of short and long term ES in maximizing arbitrage, reducing peak loads, and

supporting reliable DR. The convex relaxation further enables computation times to drop from

several hours to milliseconds while keeping the optimality gap below 0.1%.

The main contributions of this work are summarized as follows:

1. An optimal energy resource sizing and management framework is proposed for LEFs partic-

ipating in the CMDR, explicitly accounting for commercial electricity bill, capacity-market

rules, and grid GHG emissions.

2. A convex relaxation of CMDR constraints is introduced to enhance computational effi-

ciency and scalability while guaranteeing global optimality.

3. A comprehensive modeling framework is developed to support multiple short and long

terms ES systems in dynamic electricity markets where EA, facility peak reduction, and

grid peaks are not aligned.

4. A real-world case study using operational data from York University’s campus validates

the proposed framework, demonstrating its effectiveness in quantifying both economic and

environmental benefits of ES integration and enabling accurate and reliable planning for

CMDR participation.
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RELAXATION OF DR CAPACITY-MARKET RULES
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Figure 4.1: Schematic diagram of an LEF connected to the grid.

The remaining sections of this chapter are organized as follows. Section II describes the

architect of LEFs, outlines the components of the commercial electricity bill of LEFs, reviews the

regulatory rules governing the CMDR, and introduces the proposed convex-relaxation approach.

Section 4.4 details the proposed optimal energy resource sizing and management framework.

Section 4.5 presents the results together with a comprehensive discussion. Finally, Section 4.6

concludes the chapter and summarizes its main contributions.

4.3 Commercial Electricity Billing Structure and Convex Relax-

ation of DR Capacity-Market rules

This section presents an overview of the LEF structure, highlighting its main components

as well as the associated commercial electricity billing. It also discusses the nonconvex market

rules governing CMDR participation and introduces the proposed convex relaxation approach.

Fig. 4.1 shows the architecture of a LEF participating in CMDR. The facility contains (i)

inherent electrical load and (ii) a portfolio of optional on-site energy resources that may be

deployed when justified by economic, environmental, or market participation incentives. These

resources differ in dispatch-ability and operational roles and may include CHP, PV generation,

and ES technologies (e.g., BES, HES, and CAES storage). PV provides non-dispatchable renew-

able generation, CHP supplies both heat and electricity, and ES offers dispatchable flexibility.

56
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All assets are assumed to be owned by the facility operator and installed on-site, with PV and ES

interfaced to the grid through Power Conversion Systems (PCS). The facility may deploy a single

technology or a hybrid combination of energy resources. An internal energy management func-

tion schedules resources to supply local demand, minimize operating costs, and commit reliable

DR capacity to CMDR. Operational decisions must satisfy market requirements for capacity

qualification, availability, and performance, while supporting peak-load reduction, emissions

mitigation, and enhanced grid flexibility.

4.3.1 Commercial Electricity Billing Structure

The electricity billing structure for LEFs consists of three main components: electricity

charges, regulatory charges, and delivery charges. Electricity charges reflect real-time energy

costs (i.e., Hourly Electricity Price (HEP)), along with monthly EA. Regulatory charges repre-

sent the cost of operating and maintaining the main grid, which calculated using a fixed energy

rate. Delivery charges account for the LEFs impact on the grid and it is determined by its peak

active and apparent power demand. The mathematical formulation of the monthly electricity

bill is provided in (4.1).

CBill
m =

∑
t∈Tm

(HEPt + EAm + C1) · P grid
t ∆t

+(C2 +
C3

PFm
)P peak

m + C4 (4.1)

Electricity charges, together with regulatory charges, are calculated by multiplying the imported

grid power P grid
t by the HEP, the EA, and the regulatory energy rate C1. Delivery charges

associated with active and reactive power demand are represented by C2 and C3, respectively,

where the monthly peak demand is defined using (4.2).

P peak
m = max{P grid

t : t ∈ Tm} (4.2)

It is worth noting that C4 in (4.1) represents a fixed monthly charge applied for each billing

month.

4.3.2 Convex Relaxation of DR Capacity-Market Rules

The CMDR process begins with the obligation period, during which prospective participants

submit their available demand reduction capacity in MW along with an offered price in $/MW.
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Figure 4.2: CMDR event key milestones and time windows.

Following this, the grid operator publishes the list of awarded providers and the corresponding

clearing price. Selected providers are then required to deliver the committed demand reduction

during DR activation events in compliance with established market rules and regulations.

Fig. 4.2 illustrates the key milestones and time windows associated with a DR event (e.g.,

the IESO market in Ontario). The process begins with the issuance of a standby notice by the

PSO within a predefined period, typically on the day preceding the event or during the early

morning of the event day, to inform participants of a potential activation. The DR activation

may occur at any time within the availability window defined by market rules, corresponding

to periods when grid peaks are expected. An activation notice is then issued with the required

advance notification prior to the start of activation (i.e., at least two hour before activation).

Once the DR event begins, it continues over a continuous activation window during which

participants must sustain their committed demand reduction (i.e., 2-4 hours). To account for

real-time variations in participants’ load profiles on the activation day, an adjustment window

is defined preceding the activation window, which is used to assess the actual delivered demand

reduction. To assess the delivered demand reduction, the grid operator adopts a single-meter

baseline approach, in which the demand reduction during a DR event is measured relative to

a baseline load profile derived from historical consumption data. At each time instant t, the

standard baseline is calculated as the average of the highest N load measurements observed at

the same time instant over the preceding W days. The mathematical expression of the standard

baseline load is given by (4.3).

PSTD
t =

∑v=N
v=1 P grid

t,v

N
, S.t P grid

t,v > P grid
t,v+1

∀ P grid
t,v ∈ {P gird

t−24×w : w = 1, ..,W}, ∀t ∈ TADJ ∪ TDR

(4.3)

Here, P grid
t,v is a vector containing the recorded load values at time t over the past W days,

sorted in descending order.

To address demand uncertainty on the DR event day, an Adjustment Factor (AFe) is de-

termined as the ratio between the present energy consumption and the baseline consumption
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during the adjustment window, as described by (4.4).

AFe =

∑
t∈TADJ

e
P grid
t ·∆t∑

t∈TADJ
e

PSTD
t ·∆t

, S.t AFmin ≤ AFe ≤ AFmax (4.4)

The AFe is subsequently applied to scale the baseline load profile during the DR event.

Accordingly, the actual baseline load is obtained by multiplying the standard baseline by the

computed AFe. The actual baseline is then used by the grid operator to assess whether the

participant delivered the committed demand reduction during the DR events. The demand

reduction is mathematically expressed by (4.5).

PDR
t = PAct

t − P grid
t , where PAct

t = AFe · PSTD
t , ∀t ∈ TDR (4.5)

This delivered reduction must adhere to the contracted demand reduction (PDR
Con) with al-

lowable tolerance (δDR) as detailed in (4.6).

(1− δDR)PDR
Con ≤ PDR

t ≤ (1 + δDR)PDR
Con, ∀t ∈ TDR (4.6)

From the preceding discussion, it is evident that the DR market rules are inherently non-

convex, primarily due to the sorting operation of P grid
t,v and division operations embedded within

the adjustment factor AFe calculation.

The proposed convex relaxation of the market rule is initially formulated by approximat-

ing the standard baseline load at time t using the average of the all W days historical load

measurements recorded at the same time instant, defined by (4.7).

PSTD
t =

∑w=W
w=1 P gird

t−24×w

W
, ∀t ∈ TAD ∪ TDR (4.7)

Under this formulation, the relaxed standard baseline forms a convex lower bound relative to the

original non-convex baseline formulation. Accordingly, the demand reduction capacity estimated

using this convex baseline remains conservative lower bound that participant can meet.

The AFe constraint is reformulated as a linear inequality on the total energy consumption

within the adjustment window. By enforcing AFe to be greater than one and bounded by

the maximum limit AFmax, the actual baseline PAct
t is guaranteed to upper-bound the convex

standard baseline PSTD
t . This condition is satisfied by constraining the energy consumption

during the adjustment window to be no lower than the standard baseline, as defined in (4.8).∑
t∈TADJ

e

PSTD
t ≤

∑
t∈TADJ

e

P grid
t ≤ AFmax

∑
t∈TADJ

e

PSTD
t (4.8)
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The standard convex baseline is then replaced the actual baseline, ensuring that the calculated

demand reduction represents a guaranteed lower bound. During the DR activation window, the

delivered demand reduction is constrained to remain within the tolerance δDR of the contracted

DR commitment, as specified in (4.9).

(1− δDR)PDR
Con ≤ PSTD

t − P gird
t ≤ (1 + δDR)PDR

Con, ∀ t ∈ TDR (4.9)

4.4 The proposed Optimal Planning and Management Frame-

work

This section presents the mathematical formulation of the proposed optimal sizing and man-

agement framework for LEFs participating in CMDR. It outlines the objective function, sizing

and operational decision variables, and the associated constraints governing both short- and

long-duration ES technologies.

The proposed framework aims to balance asset investment, operational resource management,

and committed demand reduction for LEFs. It optimizes CapEx associated with PV sizing, ES

system sizing, and corresponding PCS ratings (i.e., BES, HES, and CAES). From an operational

perspective, the framework minimizes OpEx, including the electricity bill and the operating

and maintenance costs of both existing assets (i.e., CHP) and newly invested resources (i.e.,

PV, BES, HES, and CAES), while also reducing environmental impacts by minimizing GHG

emissions from grid imports and onsite CHP generation. In addition, the framework determines

the optimal contracted demand reduction to maximize CMDR revenue while complying with

it market rules described in Section 4.3. The objective function of the proposed framework is

given in Eq. (4.10).

Minimize :
∑
m∈M

CapExm +OpExm +RDR
m (4.10)

The CapEx captures the levelized investment costs of PV, BES, and their associated PCSs, as

well as the CAES compressor and turbine subsystems and the HES electrolyzer, fuel cell, and
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storage tank, defined by (4.11).

CapExm =
1

12

(
CPV SPV

LTPV
+

CPC
PV SPC

PV

LTPC
PV

+
CBSSBS

LTBS

+
CPC
BS S

PC
BS

LTPC
BS

+
CCSC

LTC
+

CTST

LT T
+

CELSEL

LTEL

+
CFCSFC

LTFC
+

CHTSHT

LTHT

)
(4.11)

The monthly OpEx includes the electricity bill, the operation and maintenance costs of the

CHP, PV, and ES components, and the penalty associated with real-time GHG emissions from

both the grid and the CHP.

OpExm = CBill
m + CCHP

m +
∑
t∈Tm

(
Cfuel · PCHP

t

+λPV · PPV,Crt
t +OPV · PPV,U

t + CBS,cyc
t

+CBS,cal
t +OC · PC

t +OT · P T
t

+OEL · PEL
t +OFC · PFC

t

+PLGHG
(
GHGgrid

t · P grid
t + αCHP

GHGP
CHP
t

))
·∆t (4.12)

The monthly Payment from DR is given by (4.13).

RDR
m = CDR ·NBD

m · PDR
Con (4.13)

It is worth noting that, to comply with CMDR, the objective in (4.10) is subject to the market

constraints defined in (4.7)–(4.9). Additionally, the objective function (4.10) is subject to the

operational and capacity constraints discussed hereunder.

4.4.1 PV Constraints

The maximum PV power output is modeled using Eq.(4.14):

PPV,M
t = DPV Gt

Go

(
1− αPV (TPV

t − To)
)
SPV , ∀t ∈ Tm (4.14)

where the PV cell temperature is calculated by (4.15) [73].

TPV
t = T amb

t +
Go

800
(To − 20), ∀t ∈ Tm (4.15)

The PV power utilized by the LEFs is calculated after accounting for curtailment, as ex-

pressed in (5.8).
PPV,U
t = PPV,M

t − PPV,Crt
t , ∀t ∈ Tm (4.16)
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Finally, the PV utilized power is limited by the PCS rating, as defined by (4.17).

PPV,U
t ≤ SPC

PV , ∀t ∈ Tm (4.17)

4.4.2 BES Constraints

The BES is subject to the State-of-Charge (SoC) energy balance constraints defined by (4.18).

SoCBS
t = SoCBS

t−1 + (ηBS
Ch · PBS,Ch

t − PBS,Dhg
t

ηBS
Dhg

) ·∆t, ∀t ∈ Tm (4.18)

The BES SoC is constrained by upper and lower limits to prevent excessive degradation, as

defined in (4.19).
αBS
minS

BS ≤ SoCBS
t ≤ αBS

maxS
BS , ∀t ∈ Tm (4.19)

Additionally, the BES charging and discharging powers are constrained by it is PCS rating as

follow:
PBS,Ch
t , PBS,Dhg

t ≤ SPC
BS , ∀t ∈ Tm (4.20)

Beside that, the BES charging and discharging operations are restricted to a single mode, as

defined in (4.21).
PBS,Ch
t · PBS,Dhg

t = 0, ∀t ∈ Tm (4.21)

Finally, the BES cycling and calendar degradation costs are mathematically expressed by (4.22)

[73].

CBS,cyc
t = (CBS(1−RC))

√
ηBS
Ch · ηBS

Dhg

a0

[1− SoCBS
t ]z

SBS(1− SoCBS
t ), ∀t ∈ Tm (4.22)

CBS,cal
t = (CBS(1−RC))∆ID · SBS

·[a1e
(
−a2+a3(1−SoCBS

t )

K(TBS
t +273.15)

+a4(1−SoCBS
t ))

− a5], ∀t ∈ Tm (4.23)
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4.4.3 HES Constraints

Similar to the BES, the HES is subject to the SoC energy balance of the hydrogen tank

(4.24), SoC operation limits (4.25), and electrolyzer and fuel cell rating limits (4.26) [94].

SoCHT
t = (1−Df )SoC

HT
t−1 + ρPH

(
ηEL · PEL

t

−PFC
t

ηFC

)
·∆t, ∀t ∈ Tm (4.24)

αHT
minS

HT ≤ SoCHT
t ≤ αHT

maxS
HT , ∀t ∈ Tm (4.25)

PEL
t ≤ SEL, PFC

t ≤ SFC , ∀t ∈ Tm (4.26)

4.4.4 CAES Constraints

The CAES is modeled using advanced adiabatic technology, assuming ideal-gas air behavior,

an isothermal reservoir, and adiabatic TES [84], [85]. The system consists of a motor, multi-

stage compressors, an air reservoir, multi-stage turbines, a generator, HXs, and a TES unit.

The compressors and turbines power is calculated using Eqs. (4.27)-(4.28).

PC
t =

1

ηmηc
Ca

p

∑
nc∈Nc

(
r

γ−1
γ

c − 1

)
Tnc,in
t · ṁc

t , ∀t ∈ Tm (4.27)

PT
t = ηgηtr Ca

p

∑
ntr∈Ntr

(
1− r

1−γ
γ

tr

)
Tntr,in
t · ṁtr

t , ∀t ∈ Tm (4.28)

where the efficiencies of the compressors ηc and turbines ηtr are calculated using empirical

correlations given by (4.29) [86].

ηc = 0.91− rc − 1

300
, ηtr = 0.90− rtr − 1

250
(4.29)

The compressors and turbines power are constrained by their rating using (4.30).

PC
t ≤ SC , P T

t ≤ ST , ∀t ∈ Tm (4.30)

The outlet air temperatures of the (nc)th compressor and the
(
ntr
)th turbine are defined by

Eqs.(4.31)–(4.32) [19].

Tnc,out
t =

[
1 +

1

ηc

(
r

γ−1
γ

c − 1

)]
Tnc,in
t , ∀t ∈ Tm (4.31)

Tntr,out
t =

[
1−

(
1− r

1−γ
γ

tr

)
ηtr
]
Tntr,in
t , ∀t ∈ Tm (4.32)
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The turbine’s mechanical reliability is ensured by constraining the outlet air temperature to

remain above the icing threshold, as defined in (4.33).

Tntr,out
t ≥ T tr

icing, ∀t ∈ Tm (4.33)

The heat exchange between the air and the heat storage medium on the compression side is

governed by HX energy balance using (4.34) [21].

= ṁc
tC

a
p

(
Tnc,out
t − THXnc,out

a
t

)
=

ṁ
HXnc

w
t Cw

p

(
THXnc,out

w
t − THXnc,in

w
t

)
, ∀t ∈ Tm (4.34)

Similarly, on the expansion side, the HX energy balance is defined by (4.35).

ṁtr
t C

a
p

(
Tntr,in
t − THXntr,in

a
t

)
=

ṁ
HXntr

w
t Cw

p

(
THXntr,out

w
t − THXntr,in

w
t

)
, ∀t ∈ Tm (4.35)

Assuming that the air-to-water mass flow rate ratio equals Cw
p /C

a
p , an adiabatic heat exchange

with comparable temperature variation between the two fluids is achieved. Using Eqs. (4.34)–

(4.35), the following temperature relationships hold [21].

Tnc,in
t = T amb

t , Tntr,in
t = Tnc,out

t , ∀t ∈ Tm (4.36)

The rate of pressure increase due to compressors injection is modeled by (4.37).

pint =
RT r

V r
ṁc

t , ∀t ∈ Tm (4.37)

Similarly, the rate of pressure decrease due to turbines release is modeled by (4.38).

pdet =
RT r

V r
ṁtr

t , ∀t ∈ Tm (4.38)

Finally, the total reservoir pressure prt is updated using the corresponding increase and decrease

rates, which represent the energy state at each time step [19], as expressed in (4.39).

prt = prt−1 + (pint − pdet ) ·∆t, ∀t ∈ Tm (4.39)

Meanwhile, the air reservoir pressure is subject to the safe operation limits as defined in (4.40).

prmin ≤ prt ≤ prmax, ∀t ∈ Tm (4.40)
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4.4.5 LEF Power Balance Constraints

In order to ensure the supply of the LEF demand, the LEF is subject to the power balance

equality constraint defined by (4.41).

P grid
t + PCHP

t + PPV,U
t + PBS,Ch

t − PBS,Dhg
t

+PEL
t − PFC

t + PC
t − P T

t − PL
t = 0, ∀t ∈ Tm (4.41)

Finally, both grid power, LEF peak power, and CHP are limited by the the substation trans-

former rating, and CHP rating, respectively as shown in (4.42).

P grid
t , P peak

m ≤ P grid
max , PCHP

t ≤ PCHP
max , ∀t ∈ Tm (4.42)

4.5 Results and Discussion

This section evaluates the performance of the proposed optimal sizing and management

framework incorporating a convex relaxation of capacity-market rules. It first demonstrates the

convex relaxation in estimating a conservative lower bound on contracted demand reduction,

ensuring global optimality while significantly reducing computational effort. It then assesses

the financial and environmental impacts of integrating hybrid short and long terms ES systems

and renewable generation, both with DR-enabled and no-DR participation, to identify optimal

resource combinations.

The proposed framework is validated using real-world data from York University and the

Ontario grid, including demand profiles, DR activation and testing signals, HEP and EA prices,

and real-time grid GHG emissions. The dataset spans from May 2022 to May 2023 with a 1-

hour time resolution. York University is supplied by the main grid through campus substations

rated at 26 MVA and a local CHP plant with a total capacity of 10.4 MW, of which 38% serves

electrical loads and 62% is allocated to thermal loads.

4.5.1 Impact of CMDR Rule Modeling and Convex Relaxation

Table 4.1 summarizes the performance of the proposed framework without CMDR market

rules and with CMDR rules under both nonconvex and convex formulations. In the absence of

market rules, a traditional two-meter configuration is assumed, following prior studies, where one

meter measures actual demand and the other measures grid power [73]. Under this assumption,
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Table 4.1: Impact of convex relaxation of DR capacity-market rules on optimality and

computational performance

Aspect PDR
Con (MW) Obj. (M$) Gap (%) Comp. Time

Without

CMDR Rules
Two-meter 3.952 7.127 ≤ 0.01 0.06 sec

With

CMDR Rules

Non

Convex
3.043 7.379 ≤ 0.01 15-17 hrs

Convex 1.518 7.482 1.39 0.11 sec

the contracted DR reduction is overestimated at 3.9 MW, as the calculation implicitly attributes

available CHP generation to demand reduction by assuming full CHP utilization during DR

activation periods. However, applying this value under CMDR rules results in an infeasible

solution, indicating that such overestimation exposes participants to penalty risks and potential

forfeiture of DR revenue. This outcome arises because historical CHP utilization influences

the achievable demand reduction in future events and must be explicitly considered in the

management framework.

When CMDR rules are enforced, the contracted DR reduction is significantly lower because

the formulation explicitly incorporates historical baseline calculations. Under these conditions,

the nonconvex formulation yields a contracted reduction of 3 MW, while the convex formulation

results in 1.5 MW. This difference arises for two main reasons. First, existing market rules,

represented by the nonconvex formulation, may be exploited by increasing the AF, for example

by temporarily reducing CHP operation during the adjustment window and restoring it during

the activation window, which inflates the actual baseline used for DR evaluation. In contrast,

this behavior does not occur under the convex-relaxation formulation, as the actual baseline

is replaced by the standard baseline, eliminating the possibility of artificially inflating demand

reduction. By anchoring the evaluation to the standard baseline, the convex formulation provides

a more conservative and reliable estimate of contracted DR capacity and prevents exploitation

of CMDR market rules. Second, the proposed convex relaxation provides a guaranteed lower

bound on achievable demand reduction, ensuring that the committed capacity can be delivered
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Table 4.2: Financial and Environmental Improvements Due to BES, HES, and CAES

Installations

Metric Base Case

BES HES CAES

Scenario 1 Scenario 2 Scenario 1 Scenario 2 Scenario 1 Scenario 2

No-DR DR-Enabled No-DR DR-Enabled No-DR DR-Enabled No-DR DR-Enabled No-DR DR-Enabled No-DR DR-Enabled

Total Energy (GWh) 66.67 67.19 67.40 67.28 67.48 67.19 67.53 67.38 67.78 67.36 67.46 67.42 67.51

Average Peak Load (MW) 7.42 5.93 6.24 5.75 6.08 5.82 5.97 5.59 5.78 4.59 4.91 4.54 4.90

Total Electric Bills (M$) 4.79 4.39 4.58 4.34 4.51 4.52 4.73 4.48 4.66 4.19 4.33 4.18 4.33

Total Cost (M$) 7.50 7.34 7.13 7.34 7.12 7.40 7.25 7.41 7.24 7.12 6.93 7.13 6.92

Levelized CapEx (M$) - 0.17 0.17 0.21 0.21 0.15 0.15 0.19 0.19 0.05 0.05 0.06 0.06

Cost Saving (M$) - 0.16 0.36 0.15 0.38 0.11 0.25 0.10 0.27 0.38 0.58 0.38 0.58

Total GHG Emissions (ton) 14158.2 14326.5 14081.02 14383.92 14170.38 14240.74 13813.06 14279.48 13957.42 14561.23 14310.24 14583.07 14279

under worst-case operating conditions.

From the computational perspective, the nonconvex formulation requires 15–17 hours to

converge, whereas the convex formulation converges in 0.11 s. This substantial reduction in the

computation time results from eliminating sorting and division operations in Eqs. (4.3)-(4.4)

and replacing them with convex linear equality and inequality constraints, which enables faster

convergence to a globally optimal solution. This fast computational performance enables the

facility operator to evaluate multiple sizing and management scenarios, such as different resource

configurations and clearing prices within the limited obligation period during which CMDR

offers must be submitted. From an objective value perspective, the convex relaxation exhibits a

1.39% gap relative to the nonconvex formulation, primarily because artificial demand reduction

inflates DR payments without providing actual reductions. When this behavior is eliminated

by accounting for true demand reduction, the gap decreases to less than 0.1%, demonstrating

the effectiveness of the convex formulation in providing a near-optimal solution to the original

nonconvex problem.

4.5.2 Financial and Environmental Impacts of ES and Renewable Genera-

tion

To evaluate the financial and environmental impacts of integrating different energy resources

at the York campus under CMDR participation, five case studies are analyzed across two scenario

sets. The studies examine short-term ES (BES), long-term ES (HES and CAES), and hybrid

ES technologies combined with PV generation. In both scenario sets, results are evaluated for

two operating modes: when the facility is not DR-enabled and when it is DR-enabled. In the

67



4.5 RESULTS AND DISCUSSION

first scenario set, optimal sizing of energy resources is performed without considering CMDR

participation, while the second scenario set incorporates the facility’s participation in the CMDR

during the optimal sizing process.

4.5.2.1 BES Installation

When the DR participation is not considered in the optimal resource sizing phase of the

facility, the BES is sized at 11.51 MWh with a 2.39 MW PCS, enabling a contracted demand

reduction of 3.45 MW when the facility switches to the DR-enabled mode. When DR participa-

tion is taken into account as an additional revenue stream during the energy resource planning

phase, the BES size increases to 14.87 MWh with a 2.66 MW PCS, allowing a contracted reduc-

tion of 3.72 MW. The increase in the BES and PCS sizes is driven by higher expected profits

due to the increased demand reduction and associated DR payments. However, these additional

profits depend on consistent DR offers and sustained profitability over the BES lifetime. Ta-

ble 4.2 summarizes the financial and environmental metrics when individual ES resources (BES,

HES, and CAES) are deployed compared to the base case without energy resources. As shown

in the table, BES installation increases total facility energy consumption compared to the base

case due to round-trip efficiency losses incurred during charging and discharging. However, the

facility peak load is reduced by an average of 1.33 MW in Scenario 1 and 1.5 MW in Scenario 2,

resulting in significant economic benefits through reduced delivery charges and(EA revenues. A

consistent observation across all BES cases is that the facility average peak load increases when

it operates in the DR-enabled mode. This occurs because BES resources serve both facility peak

reduction (to lower delivery charges) and committed DR obligations, and since facility peaks

and grid peaks are not coincident a trade-off emerges between the two objective terms.

Overall, the BES reduced electricity costs by $210–450K over the 13-month study period.

In Scenario 1, cost savings increased from $160K without DR participation to $360K with DR

participation. In Scenario 2, the higher BES investment resulted in $150K savings in case of no-

DR contract, which increased to $380K under DR-enabled. The table also shows that BES had

a minimal impact on the GHG emissions, with variations ranging about ±2% of the base case.

This limited change is primarily due to the campus’s reliance on low-cost CHP cogeneration

and the relatively low GHG emissions cost.
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4.5.2.2 HES Installation

In Scenario 1, the optimal sizing of the HES electrolyzer and fuel cell were found to be

0.19 MW and 2.21 MW, respectively, with a hydrogen storage tank of 13,453.564 m3, enabling

a CMDR capacity of 2.77 MW. In Scenario 2, these sizes increased to 0.39 MW and 2.44 MW

for the electrolyzer and fuel cell, respectively, with the tank volume rising to 18,762.4643 m3,

achieving a CMDR capacity of 2.96 MW. The higher ratings reflect the increased CMDR ca-

pacity possible under DR-enabled planning. The electrolyzer rating remains lower than the fuel

cell, emphasizing its role in long-duration energy storage and short-period discharge to support

facility peak reduction and meet CMDR commitments. As shown in Table 4.2, HES installa-

tion increases total energy consumption compared to the base case and BES, especially under

DR-enabled condition. This is primarily due to the lower round-trip efficiency of HES, resulting

in higher energy losses. However, peak load is reduced by an average of 1.52 MW in Scenario 1

and 1.73 MW in Scenario 2, significantly lowering delivery charges. These results highlight the

long-duration capability of HES to store energy and deliver high power over short periods.

Despite significant peak-load reductions, the total electricity bill in the case of HES deploy-

ment remains higher than BES due to its limited arbitrage capability compared to short-term

technologies. In Scenario 1, HES achieved $110K in cost savings, increasing to $250K with

DR-enabled. In Scenario 2, the slightly higher HES investment yielded $100K savings under

no-DR, rising to $270K when DR-enabled was included. Although HES investment costs are

lower than BES, the resulting cost savings are also smaller. Combined with the smaller CMDR

capacity, these results indicate that HES investment is primarily motivated by peak-load shav-

ing and thus delivery-charge reduction, rather than EA or CMDR participation. Due to it is

high energy loss, extra energy cost can offset CMDR incentives. Environmentally, HES pro-

vides greater GHG-emission reductions than BES, particularly with DR-enabled which shifts

consumption away from grid peak-demand periods typically supplied by gas-fired generation.

4.5.2.3 CAES Installation

CAES exhibits behavior similar to HES, with increased discharging capacity and reduced

charging capacity. Without DR participation in optimal planning, and with an air reservoir

of 24,000 m3, the compressor and turbine were rated at 1.02 MW and 3.74 MW, achieving a

CMDR capacity of 3.07 MW. In case of DR-enabled, the reservoir volume remained the same,

while the rated powers increased to 1.11 MW and 4.31 MW, raising the CMDR capacity to
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Table 4.3: Financial and Environmental Impacts of Aggregated ES Installations With and

Without PV

Metric Base Case

BES, HES, and CAES BES, HES, CAES, and PV

Scenario 1 Scenario 2 Scenario 1 Scenario 2

No-DR DR-Enabled No-DR DR-Enabled No-DR DR-Enabled No-DR DR-Enabled

Total Energy (GWh) 66.67 67.43 67.53 67.54 67.67 60.32 60.33 60.50 60.52

Average Peak Load (MW) 7.42 4.50 4.86 4.38 4.81 3.61 4.05 3.59 4.04

Total Electric Bills (M$) 4.80 4.16 4.28 4.11 4.24 3.21 3.43 3.20 3.42

Total Cost (M$) 7.50 7.12 6.92 7.13 6.91 6.91 6.77 6.91 6.77

Levelized CapEx (M$) - 0.08 0.08 0.12 0.12 0.77 0.77 0.78 0.78

Cost Saving (M$) - 0.38 0.59 0.38 0.59 0.60 0.73 0.60 0.73

Total GHG Emissions (tons) 14158.20 14599.81 14415.23 14639.71 14508.94 14192.08 13747.70 14237.23 13815.12

3.24 MW.

As shown in Table 4.2, CAES delivers significant financial benefits while affecting total energy

consumption and emissions. Although more efficient than HES, CAES consumes more energy

due to larger compressor and turbine ratings. Its high turbine capacity enabled average peak-

load reductions of 2.17 MW in Scenario 1 and 2.20 MW in Scenario 2, leading to substantial

delivery-charge savings and overall bill reductions of $470K–$620K over the study period. Com-

bined with low installed energy-capacity costs and long system lifetime, total savings reached

$380K, increasing to $580K with DR participation. These results highlight that investment in

long-duration ES technologies, such as HES and CAES, is primarily driven by peak-load and

delivery-charge reduction, which can also enhance CMDR revenues. CAES slightly increases

GHG emissions due to higher energy throughput compared to HES and lower efficiency relative

to BES.

4.5.2.4 BES, HES, and CAES Installation

The case studies highlight that short-term BES excels at EA but its high energy cost

($/MWh) limits its use for sustained DR reduction. In contrast, long-term HES and CAES

are effective for maintaining high DR reductions over extended periods, but low round-trip effi-

ciency limits EA. Therefore, an optimal combination of short- and long-term ES can maximize

cost savings from arbitrage, peak-demand reduction, and capacity-market DR payments.

With aggregated ES installations (BES, HES, and CAES), the planning results allocate
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no HES capacity, indicating BES and CAES are the preferred combination due to CAES’s

higher round-trip efficiency and lower energy cost. Without DR participation, BES is sized

at 2.24 MWh with 0.41 MW PCS, while CAES (24,000 m3 air reservoir) has compressor and

turbine ratings of 0.98 MW and 3.46 MW, respectively, achieving a contracted DR reduction of

3.12 MW. With DR participation, BES increases to 5 MWh and 1.01 MW PCS, while CAES

capacities slightly decrease to 0.91 MW and 3.43 MW, raising the contracted DR reduction

to 3.34 MW. Compared to standalone BES, its size decreases, focusing on EA, while CAES

provides peak-load reduction and meets DR commitments. Table 4.3 summarizes the financial

and environmental impacts, showing that CAES dominates the high-power DR contribution,

with BES providing complementary short-duration flexibility. These results align with the

standalone CAES trends in Table 4.2.

4.5.2.5 BES, HES, CAES, and PV Installation

With PV integration, the aggregated planning again allocates no HES capacity, confirming

BES and CAES as the preferred storage combination. In Scenario 1, BES is 2.65 MWh with

0.61 MW PCS, and PV is 4.50 MW with 5 MW PCS, while CAES has compressor and turbine

ratings of 0.81 MW and 3.81 MW, achieving a CMDR capacity of 2.78 MW. In Scenario 2, BES

increases to 3.75 MWh with 0.80 MW PCS, PV slightly decreases to 4.41 MW (PCS unchanged),

and CAES capacities change minimally: compressor 0.82 MW, turbine 3.77 MW. The larger

BES emphasizes short-duration flexibility for PV excess utilization, while CAES continues to

support peak-load mitigation. The CMDR capacity rises slightly to 2.82 MW but remains below

the non-PV aggregated case, as reduced grid reliance limits achievable demand reduction. PV

integration substantially reduces total energy consumption compared to the base case and other

scenarios by decreasing reliance on grid electricity. This lowers the average monthly peak load

and electricity bill, leading to significant cost savings. However, these benefits require a higher

upfront investment for the added PV capacity. Environmentally, PV reduces GHG emissions,

though the impact is limited since CHP cogeneration still dominates overall emissions.

Figure 4.3 illustrates the energy management system performance in Scenario 2 when partic-

ipating in a CMDR program over a 5-day period. The first graph presents the power analysis,

including load, grid, CHP, and PV generation. The second graph shows the real-time HEP,

GHG emissions, and the grid and CHP energy price, which explains the energy management

system’s decision-making process. The third graph shows the BES SoC management, ensuring
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Figure 4.3: Optimal Management performance of the proposed framework during DR events.

safe operation within the 20% to 90% range and avoiding excessive charging and discharging.

The last graph shows the CAES management by maintaining the air reservoir pressure between

40 and 70 bar. It is evident that the middle of the day coincides with high demand, PV gener-

ation, HEP, and GHG emissions, and the DR events activation also occurs during this period.

The CHP operates for most of the time since it is energy cost is about one-third of the grid

energy cost. Overall, the energy management system balances financial and environmental pri-

orities by leveraging the synergistic capability of the short-term BES and long-term CAES. The

BES typically charges when the HEP is low and discharges when prices are high (i.e., compared

to average grid price), leveraging EA, while it also discharges during periods of high grid GHG

emissions and high demand to reduce environmental impact and help reduce the overall peak

load. The BES contributes to CMDR participation by charging during the adjustment window

to increase grid power consumption or discharging during the event to decrease grid consump-

tion. The CAES provides the significant power required during DR activation, leveraging its

sustained energy and high discharge capability, and it also charges during periods of low HEP,

low GHG emissions, and low demand.
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4.6 Chapter Summary

This chapter introduces a novel framework for the optimal sizing and management of LEFs,

simultaneously optimizing financial performance and environmental impact, while considering

CMDR participation. The framework incorporates commercial electricity billing, DR capacity-

market rules, and real-time grid GHG emissions to mitigate peak-demand periods dominated by

gas-fired generation. A key contribution is the convex relaxation of CMDR rules, which reduces

computation time from 17 h to 0.11 s while maintaining global optimality with an optimality

gap below 0.1% and ensuring regulatory compliance. Validation with real-world data from

York University’s campus demonstrates the framework’s effectiveness. Case studies assess the

financial and environmental impacts of short-term BES, long-term HES and CAES, and hybrid

ES technologies co-located with PV generation. Results highlight the complementary roles of

short- and long-term ES in meeting LEF operational requirements, achieving substantial cost

savings with minimal GHG emission changes. These benefits arise from charging ES during

low-cost, low-emission periods and discharging during peak-demand hours, while responding to

DR signals to maximize CMDR capacity and overall system performance.
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Chapter 5

Tri–stage Optimization Framework for

Optimal Clustering of PDSs Into

Sustainable Microgrids

5.1 Introduction

Decentralized sustainable microgrids are emerging as a promising approach for addressing the

increasing complexity of modern power systems while ensuring reliable and efficient operation.

A fundamental driver of this transition is the partitioning of distribution networks into self-

sufficient microgrids supported by the effective integration of DERs and ES systems, enabling

improved power flow management and enhanced voltage stability. In this regard, this chapter

proposes a tri-stage optimization framework designed to segment power distribution systems

into multiple self-sustaining microgrids while maintaining optimal network performance. In

the first stage, the distribution grid is partitioned into microgrid clusters based on electrical

distance metrics and bus correlation analysis. The second stage focuses on the optimal sizing

and operational management of DERs and ES systems within each identified microgrid to ensure

energy self-sufficiency and minimize GHG emissions. In the third stage, an optimal resource

allocation strategy is implemented, where the resources determined in the previous stage are

optimally placed within the distribution network to achieve optimal power flow, reduce system

losses, and maintain voltage stability under worst-case operating conditions. The proposed

framework is validated using the IEEE 33-bus test system. Simulation results demonstrate
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Figure 5.1: The proposed tri-stage framework for PDSs clustering and planning.

its effectiveness in multi-microgrid classification, coordinated planning, and resource allocation,

highlighting its superiority in enhancing system performance and resilience.

The main contributions of the proposed framework can be summarized as follows:

1. The development of an electrically grounded hierarchical clustering approach that accu-

rately partitions PDSs into sustainable and collaborative microgrids;

2. A comprehensive co-optimization of DER planning and microgrid clustering that supports

both predefined and expandable resource capacities for long-term sustainability;

3. An integrated resource allocation strategy within clustered microgrids, including both

active and reactive power resources, to improve voltage regulation and reduce system

losses;

4. The provision of a flexible operational structure that enables cooperative, grid-connected,

and fully islanded modes of operation among microgrids;

The remainder of this chapter is organized as follows. Section 5.2 presents the proposed

tri-stage framework and details the associated mathematical formulation. Section 5.3 describes

the studied system and provides the case studies along with the corresponding results and

discussions. Finally, Section 5.3 concludes the chapter.

5.2 The Proposed Tri-Stage Optimization Framework

This section presents the mathematical formulation of the proposed tri-stage optimization

framework, which includes PDS microgrid clustering, optimal DER resource planning for the
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clustered microgrids, and the optimal allocation of DERs and reactive power components across

the PDS in successive stages. Fig. 5.1 illustrates the overall tri-stage process of the proposed

framework, comprising: 1) microgrid clustering formulation, 2) optimal DER planning under

different operational scenarios, and 3) coordinated allocation of DERs within the PDS along

with reactive power resources to enhance voltage regulation and minimize network losses.

5.2.1 Stage I: PDS Clustering Algorithm

The relationships among buses in a PDS are governed not only by their physical topology but

also by their underlying electrical characteristics, which are inherently reflected in the electrical

distance between buses. Although the concept of electrical distance has been employed in various

power system applications, its utilization for network structural analysis and clustering remains

relatively limited. In Stage I of the proposed framework, the electrical distance between any

two buses i and j, defined based on the impedance of the distribution line connecting them, is

used as the primary metric for assigning buses to the same cluster. Accordingly, the pairwise

electrical distance between Bus i and Bus j is computed using (5.1).

dij =
∣∣Zij

∣∣ =√R2
ij +X2

ij , ∀i, j ∈ N (5.1)

Here, Rij and Xij denote the per-unit resistance and reactance of the line connecting Buses

i and j, respectively, while the square matrix D ∈ RN×N represents the electrical proximity

among the PDS N buses. For non-adjacent buses, a sufficiently large constant value is assigned

to capture weak or indirect electrical coupling. The diagonal elements of D are set to zero,

indicating zero electrical distance of each bus from itself.

Initially, each bus is treated as an individual cluster, resulting in a total of N clusters. The

average linkage electrical distance between two clusters, denoted as groups A and B, is then

defined according to (5.2).

d(A,B) =
1

|A| |B|
∑
i∈A

∑
j∈B

dij (5.2)

Clusters are then iteratively merged using the average linkage criterion, where, at each iteration,

the pair of clusters with the minimum distance d(A,B) is combined, thereby progressively

reducing the total number of clusters. This hierarchical merging process continues until a

predefined number of clusters M is obtained [57]. The selection of the optimal number of

clusters M is guided by domain-specific requirements and analysis of the clustering dendrogram,
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Algorithm 1 Hierarchical Agglomerative Clustering for PDS Partitioning
Input: Distribution network topology, line parameters (Rij , Xij), and target number of clusters

M.

Output: Partitioning of N buses into M sustainable microgrid clusters.

1: Initialize Distance Matrix:

2: for each pair of buses (i, j) do

3: if bus i and j are directly connected then

4: Compute dij =
√
R2

ij +X2
ij

5: else if i = j then

6: Set dij = 0

7: else

8: Set dij = ∞

9: end if

10: end for

11: Initial Clustering: Assign each bus i to its own cluster Ci = {i : ∀i ∈ N}.

12: Iterative Merging:

13: while number of clusters > M do

14: Calculate inter-cluster distances for all pairs (A,B) using average linkage:

15: d(A,B) = 1
|A||B|

∑
i∈A
∑

j∈B dij

16: Find the pair of clusters (A∗, B∗) that minimizes d(A,B)

17: Merge A∗ and B∗ into a single cluster: Cnew = A∗ ∪B∗

18: Update the set of clusters by replacing A∗ and B∗ with Cnew

19: end while

20: return Final set of M microgrid clusters.

ensuring that each resulting microgrid exhibits strong internal electrical coherence and feasible

operational boundaries. Algorithm 1 highlights the clustering steps of the PDSs.

5.2.2 Stage II: Optimal Planning of Microgrids DERs

The first Stage I provides the set of microgrids M and the corresponding set of buses assigned

to each microgrid m (i.e., Bm ⊆ B, ∀m ∈ M). Subsequently, Stage II is employed to determine

the optimal sizing of DER components, including distributed generation and ESs, for each

clustered microgrid. In this chapter, PV and wind turbines are used as distributed generation
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and the BES is used as ES to improve the microgrids flexibility.

The objective function is formulated to minimize the DER investment and operational costs

for each microgrid m across three distinct operational modes: a fully islanded mode with no

collaboration, a local cooperation mode among microgrids without external utility support, and

a full coordination mode between the microgrids and the main grid. Depending on the operating

mode, the microgrids can rely on the installed DERs, power imported from the main grid, or

power exchanged with adjacent microgrids within the PDS.

The planning decision variables include the optimal capacities S
{.}
m and corresponding PCS

ratings PC
{.}
m for the DER units (PV, wind, and BES). The operational decision variables repre-

sent the system states across various scenarios and time steps; these include the power imported

from the main grid P grid
m,t,s, the power exchanged between microgrid m and adjacent microgrids

Pµg
m,t,s, and the power utilized P

{.},U
m,t,s or curtailed P

{.},Cr
m,t,s from PV and wind generation. Further-

more, these variables encompass the charging PCh
m,t,s and discharging PDch

m,t,s power of the BES,

in addition to its SoC SoCm,t,s.

5.2.2.1 Objective Function

The objective function is formulated to balance asset investment and energy cost. It optimizes

CapEx associated with PV, wind, and BES sizing, and corresponding PCS ratings. From an

operational perspective, the objective function minimizes OpEx, including the cost of energy

procurement and energy trading among microgrids as well as with the main grid. The objective

function is given in (5.3).

min :
∑
m∈M

CAPEXm +
∑
m∈M

∑
s∈S

P(s) ·OPEXm,s (5.3)

Here, CAPEXm denotes the investment cost of DERs for microgrid m, while the term
∑

s∈S P(s)·

OPEXm,s represents the expected OpEx, where uncertainties in DER generation and microgrid

demand are captured through a set of discrete operational scenarios s, each characterized by a

probability of occurrence P(s).

The CAPEX represents the upfront investment costs for PV, wind, BES, and PCS units,

which are normalized into hourly equivalents and summed over the optimization horizon specified
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in equation (5.4).

CAPEXm =

∑
t∈T ∆t

8760

[
CPV SPV

m + CPC
Uni PCPV

m

τPV
+

CW SW
m + CPC

Uni PCW
m

τW
+

CBSS SBSS
m + CPC

Bi PCBSS
m

τBSS

]
(5.4)

The planning decision variables for microgrid m include the capacity S
{.}
m and the associated

PCS rating PC
{.}
m (in kW or kWh) for the PV, wind, and BES units. In this formulation, C{.}

and τ{.} represent the unit investment cost (in $/kW or $/kWh) and the expected lifetime of

each component in years.

The OPEX accounts for the cost of energy imported from the main grid and the bidirectional

energy exchange between microgrid m and adjacent microgrids, as formulated in (5.5)

OPEXm,s =
∑
t∈T

(
Egrid · P grid

m,t,s + Eµg · Pµg
m,t,s

)
∆t (5.5)

The operational decision variables for microgrid m include the power imported from the main

grid P grid
m,t,s and the power exchanged with adjacent microgrids Pµg

m,t,s (in kW). A positive value

for Pµg
m,t,s indicates power received by microgrid m and a negative value indicates power supplied

to neighboring microgrids. In this formulation, Egrid and Eµg represent the unit energy costs

(in $/kWh) for main grid purchases and inter-microgrid exchanges, respectively.

5.2.2.2 Constraints

To ensure demand satisfaction for each microgrid, the objective function is constrained by

the power balance condition at the microgrid level, as formulated in (5.6).

P grid
m,t,s + Pµg

m,t,s + PPV,U
m,t,s + PW,U

m,t,s + PDch
m,t,s − PCh

m,t,s =
∑
b∈Bm

PL
b , ∀t ∈ T ∧m ∈ M∧ s ∈ S (5.6)

where the operational variables P
{.},U
m,t,s and P

{.},Cr
m,t,s denote the distributed generation utilized

and curtailed power (kW), respectively, while P ch
m,t,s and PDch

m,t,s represent the BES charging and

discharging power (kW). The term
∑

b∈Bm
PL
b corresponds to the aggregated load demand of

microgrid m across all buses assigned to it.

The power exchanged between microgrids must also satisfy a balance condition, ensuring

that any power imported or exported by a microgrid is compensated by corresponding exports
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or imports from other microgrids, as defined in (5.7).∑
m∈M

Pµg
m,t,s = 0,∀t ∈ T ∧m ∈ M∧ s ∈ S (5.7)

The utilized and curtailed PV and wind power are limited to the maximum generation

available from the installed capacities by constraints (5.8) and (5.9), respectively:

PPV,U
m,t,s + PPV,Cr

m,t,s = SPV
m · PPV|1MW

t,s , ∀t ∈ T ∧m ∈ M∧ s ∈ S (5.8)

PW,U
m,t,s + PW,Cr

m,t,s = SW
m · PW|1MW

t,s , ∀t ∈ T ∧m ∈ M∧ s ∈ S (5.9)

Where P
{.}|1MW
t,s denotes the maximum power output per 1 MW of distributed generation under

time t and scenario s.

The BES SoC is constrained by the energy balance, such that any change in SoCm,t,s corre-

sponds precisely to the energy charged into or discharged from the BES at each time step. The

BES energy balance is formally expressed in (5.10).

SoCm,t+1,s = SoCm,t,s +
(
ηPCS PCh

m,t,s − PDch
m,t,s/η

PCS
)
∆t, ∀t ∈ T ∧m ∈ M∧ s ∈ S (5.10)

αSBSS
m ≤ SoCm,t,s ≤ αSBSS

m , ∀t ∈ T ∧m ∈ M∧ s ∈ S (5.11)

Here, ηPCS denotes the efficiency of the PCS, while α and α represent the lower and upper bounds

of the SoC, respectively, to prevent excessive BES degradation. Additionally, the BES charging

and discharging powers are constrained to prevent simultaneous charging and discharging, as

specified in (5.12).

PCh
m,t,s × PDch

m,t,s = 0, ∀t ∈ T ∧m ∈ M∧ s ∈ S (5.12)

To ensure that the coordinated power dispatch from DERs remains within the limits of their

respective PCS converter ratings, the operational power decision variables are constrained by

the corresponding PCS capacities as follows:

0 ≤ PPV,U
m,t,s ≤ PCPV

m , ∀t ∈ T ∧m ∈ M∧ s ∈ S (5.13)

0 ≤ PW,U
m,t,s ≤ PCW

m , ∀t ∈ T ∧m ∈ M∧ s ∈ S (5.14)

0 ≤ PCh
m,t,s, P

Dch
m,t,s ≤ PCBSS

m , ∀t ∈ T ∧m ∈ M∧ s ∈ S (5.15)

The planning decision variables are subject to upper bounds to ensure feasible component

sizing as follows:

0 ≤ S{.}
m ≤ S

{.}
m , ∀m ∈ M (5.16)

0 ≤ PC{.}
m ≤ PC

{.}
m , ∀m ∈ M (5.17)
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Where S
{.}
m and PC

{.}
m denote the maximum allowable capacity and PCS rating for each respec-

tive component (PV, wind, and BES) within microgrid m.

Finally, two additional constraints are introduced to enable flexible adjustment of the opti-

mization framework under different operational scenarios, including grid-connected, cooperative,

and fully islanded microgrid operation. To enforce islanded operation from the main grid, con-

straint (5.18) is incorporated to prohibit energy import from the main grid. Under this condition,

microgrids are allowed to operate cooperatively through energy exchange among themselves. For

fully isolated operation, constraint (5.19) is further included to prevent any import or export of

energy between microgrids, thereby ensuring completely independent operation.

P grid
m,t,s = 0, ∀t ∈ T ∧m ∈ M∧ s ∈ S, (Prevents main grid contribution.) (5.18)

Pµg
m,t,s = 0, ∀t ∈ T ∧m ∈ M∧ s ∈ S, (Prevents microgrids energy exchange.) (5.19)

5.2.3 Stage III: DERs and Reactive Power Resources Allocations

Stage II determines the optimal sizing of the DERs within each microgrid under different

operation scenarios to address the uncertainties in both generation and demand, focusing mainly

on active power. Subsequently, Stage III determines the optimal placement and allocation of

the DERs within each microgrid, as well as the required reactive power resources (i.e., shunt

capacitors) to meet the reactive power demand. During this stage, the optimization is designed

for two main objectives: 1) reactive power demand fulfillment, and 2) improving the microgrids’

operation, represented by voltage regulation and PDS power losses. Under this configuration,

the planning decision variables of Stage III are the allocated capacity of wind (SW
b , PCW

b ), PV

(PCPV
b , SPV

b ), BES (SBSS
b , PCBSS

b ), and the reactive power resources (SQ
b ) for each bus within

each microgrid. On the other hand, the management decision variables include the PDS state

variables (|Vb,t|∠δb,t) and active and reactive power coordination from the DERs and reactive

power resources (PW,U
b,t , PPV,U

b,t , PCh
b,t , P

Dch
b,t , QV ar

b,t ).

5.2.3.1 Objective Function

In this stage, the objective is designed to reduce the CapEx of the reactive power resources,

i.e., one-time investment cost, and to enhance the PDS operation represented by improving the

voltage regulation and minimizing overall PDS power losses. The multi-objective function of
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Stage III is defined by (5.20).

min : w1Ploss + w2∆V + w3CAPEXV ar (5.20)

Ploss =
∑
t∈T

(∑
b∈B

∑
b′∈B

|Vb,t||Vb′,t||Ybb′ |Cos
(
δb,t − δb′,t − θbb′)

)
(5.21)

∆V =
∑
t∈T

(∑
b∈B

|1p.u − |Vb,t||

)
(5.22)

CAPEXV ar =

∑
t∈T ∆t

8760

(
CVar

∑
b∈B SQ

b

τQ

)
(5.23)

Here, w1,2,3 are weighting coefficients that regulate the trade-off among the multiple objective

components. Equation (5.21) quantifies the network power losses as a function of the bus voltage

magnitudes |Vb,t|, voltage angles δb,t, and the elements of the admittance matrix |Ybb′ |∠θbb′

between interconnected buses. Equation (5.22) represents the voltage deviation of all buses

from the nominal value of 1 p.u. Finally, (5.23) models the CapEx associated with reactive

power components, where SQ
b denotes the reactive power resource allocated at bus b. This term

stands for the CapEx alone, where reactive power OpEx is accounted for within the energy cost

provided by the PDS operator; i.e., the energy cost of the main grid accounts for the reactive

power needed by the consumers.

The weighting coefficients are calculated to normalize the three objectives into the same

operational range. This is achieved by calculating the ratio between the lower bounds of each

objective, as defined in (5.24).

w1 =
CAPEXV ar

Ploss
, w2 =

CAPEXV ar

∆V
,w3 = 1 (5.24)

Here, CAPEXV ar represents the lower bound of the reactive resources CapEx when all other

objectives are ignored (i.e., w1 = w2 = 0). Similarly, Ploss represents the lower bound of the

PDS power loss when the other objectives are ignored, and ∆V represents the lower bound of

the PDS voltage regulation.
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5.2.3.2 Constraints

To ensure power flow balance, these objectives are subject to the power flow constraints

defined in (5.25)–(5.27).

Vb ≤ Vb,t ≤ Vb, ∀t ∈ T ∧ ∀b ∈ B (5.25)

PPV,U
b,t + PW,U

b,t + PDch
b,t − PCh

b,t − PD
b,t =

|Vb,t|
∑
b′∈B

|Vb′,t||Ybb′ |Cos
(
δb,t − δb′,t − θbb′

)
, ∀t ∈ T ∧ ∀b ∈ B (5.26)

QV ar
b,t −QD

b,t=|Vb,t|
∑
b′∈B

|Vb′,t| · |Ybb′ |Sin
(
δb,t−δb′,t−θbb′

)
, ∀t ∈ T ∧ ∀b ∈ B (5.27)

Where Vb and Vb denote the lower and upper voltage magnitude limits at bus b, respectively.

The term P
{.},U
b,t represents the utilized distributed generation power at bus b, while PCh

b,t and

PDch
b,t denote the BES charging and discharging power at the same bus. Furthermore, PD

b,t and

QD
b,t correspond to the active and reactive power demand, respectively, and QV ar

b,t represents the

reactive power injected by the VAR resources at bus b.

In this stage, each bus is assumed to be capable of hosting on-site DERs, including wind,

PV, and BES units. However, the injected power from these on-site resources is constrained by

their corresponding installed capacities, as defined in (5.30)–(5.33).

PPV,U
b,t + PPV,Cr

b,t = SPV
b · PPV|1MW

t , ∀t ∈ T ∧ ∀b ∈ B (5.28)

PW,U
b,t + PW,Cr

b,t = SW
b · PW|1MW

t , ∀t ∈ T ∧ ∀b ∈ B (5.29)

0 ≤ PPV,U
b,t ≤ PCPV

b , ∀t ∈ T ∧ ∀b ∈ B (5.30)

0 ≤ PW,U
b,t ≤ PCW

b , ∀t ∈ T ∧ ∀b ∈ B (5.31)

0 ≤ PCh
b,t , P

Dch
b,t ≤ PCBSS

b , ∀t ∈ T ∧ ∀b ∈ B (5.32)

−SQ
b ≤ QV ar

b,t ≤ SQ
b , ∀t ∈ T ∧ ∀b ∈ B (5.33)

Here, SPV
b and SW

b denote the allocated PV and wind capacities at bus b, respectively, while

PCBSS
b represents the allocated BES PCS rating at that bus. The energy storage system at

bus b is further constrained by the energy balance equation (5.34), the upper and lower SoC

bounds defined in (5.35), and the constraint preventing simultaneous charging and discharging

as specified in (5.36).

SoCb,t+1 = SoCb,t +
(
ηPCS PCh

b,t − PDch
b,t /ηPCS

)
∆t, ∀t ∈ T ∧ b ∈ B (5.34)

αSBSS
b ≤ SoCb,t ≤ αSBSS

b , ∀t ∈ T ∧ b ∈ B (5.35)

PCh
b,t × PDch

b,t = 0, ∀t ∈ T ∧ b ∈ B (5.36)
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Figure 5.2: Microgrid loads and maximum power output per 1 MW of distributed generation

over five representative days.

Finally, to ensure consistency between the optimal design determined in Stage II and the al-

location process in Stage III, the capacities assigned within each microgrid are constrained to

comply with the previously estimated optimal values under different operational scenarios. This

is achieved by bounding the allocated capacities in this stage within predefined upper and lower

limits, as specified in (5.37)–(5.42).

SPV
m ≤

∑
b∈Bm

SPV
b ≤ (1 + ∆S)SPV

m , ∀m ∈ M (5.37)

SW
m ≤

∑
b∈Bm

SW
b ≤ (1 + ∆S)SW

m , ∀m ∈ M (5.38)

SBSS
m ≤

∑
b∈Bm

SBSS
b ≤ (1 + ∆S)SBSS

m , ∀m ∈ M (5.39)

PCPV
m ≤

∑
b∈Bm

PCPV
b ≤ (1 + ∆S)PCPV

m , ∀m ∈ M (5.40)

PCW
m ≤

∑
b∈Bm

PCW
b ≤ (1 + ∆S)PCW

m , ∀m ∈ M (5.41)

PCBSS
m ≤

∑
b∈Bm

PCBSS
b ≤ (1 + ∆S)PCBSS

m , ∀m ∈ M (5.42)

The term (1+∆S) is introduced to permit an increase in the total design capacity by a percentage

∆S in order to compensate for the PDS line losses. The value of ∆S is estimated to represent

the worst-case power loss in the system, which is calculated by assuming no DERs are installed

and PDSs rely on the main power grid alone. It is worth noting that while Stage II is solved

for multiple scenarios S to account for DERs and demand uncertainty, Stage III is solved under

the worst-case operational scenario due to the strong nonlinearity of the power flow equations.
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Table 5.1: Simulation Parameters used in the optimization.

PV

CPV = 2, 500, 000 $/MW S
PV

= 1000MW τPV = 20 (years)

CPCS,PV = 470, 000 $/MW PC
PV

= 1000MW τPCS,PV = 20 (years)

Wind

CW = 1, 800, 000 $/MW S
W

= 1000MW τW = 20 (years)

CPCS,W = 470, 000 $/MW PC
W

= 1000MW τPCS,W = 20 (years)

BES

ηch = 0.92 ηdch = 0.92 α = 0.20

α = 0.90 S
BES

= 8000MWh τBES = 20 (years)

CBES = 200, 000 $/MWh ηPCS = 0.90 PC
BES

= 1000MW

CPCS,BES = 470, 000 $/MW τPCS,BES = 20 (years)

Objective Parameters

Egrid = 180 $/MWh P
grid

= 100MW ∆t = 1 (hour)

S = 1 (scenario) M = 3 (microgrids) ∆S = 5%

Eµg = 120 $/MWh

In order to account for the geographical limitations of installing wind turbines, constraint

(5.43) is used to ensure that wind turbines are installed at the suitable buses.

SW b = 0, ∀b ∈ Bm \ BW
m ∧ ∀m ∈ M (5.43)

Here, BW
m represents the set of buses within microgrid m where wind turbines can be installed,

while the term Bm \ BW
m denotes the remaining buses within microgrid m

5.3 Simulation Results

This section evaluates the performance of the proposed tri-stage optimization framework,

validated on the IEEE 33-bus test system. The analysis begins by demonstrating the clustering

algorithm’s flexibility and interpretability, utilizing distribution line impedances to decentralize

the system into electrically coherent microgrids. Following this decentralization, the framework
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Figure 5.3: Single line diagram of IEEE 33-bus system under study and network partitioning.

addresses the coordinated planning of multi-microgrid systems. Utilizing historical load and

renewable generation data from the Ontario electricity market [94], the model determines the

optimal sizing of PV, wind, and BES units by evaluating the aggregated bus loads within each

microgrid cluster alongside the maximum power output per 1 MW of distributed generation.

As illustrated in Fig. 5.2, these profiles represent the microgrid loads and the maximum power

output per 1 MW of distributed generation over five representative days. This sizing process

is conducted across three distinct operational scenarios: Case 1, a fully islanded mode with

no collaboration; Case 2, a local cooperation mode among microgrids without external utility

support; and Case 3, which incorporates full coordination between the microgrids and the main

grid. Table 5.1 summarizes the simulation parameters for the optimization.

In the final stage an optimal resource allocation strategy is implemented to finalize the

system design. In this stage, the resources determined in the previous sizing phase are optimally

placed within the distribution network. This step is designed to achieve optimal power flow,

minimize system losses, and maintain voltage stability under worst-case operating conditions.

The simulation framework was developed in Python and utilized the Gurobi optimizer to solve

the models for Stages II and III on an Apple workstation equipped with an M1 Pro processor and

16 GB of RAM. The solver was configured with an aggressive level two presolve and a MIPFocus

of one to prioritize the rapid discovery of high-quality feasible solutions. To address the non-

convex formulation, a level one cutting plane strategy was employed with a relative optimality

gap (MIPGap) of 3.5 percent. This configuration guarantees that the final incumbent solution

is within a 3.5 percent relative difference from the best possible objective bound. Additionally,
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Figure 5.4: Hierarchical agglomerative clustering dendrogram for the IEEE 33-bus system.

a primal feasibility tolerance of 0.01 was implemented to ensure the solver yields high-precision

results within a practical timeframe.

5.3.1 Microgrid Clustering

The clustering Stage I begins by specifying the target number of microgrid clusters, which

is set to M = 3 for the IEEE 33-bus test system. This selection demonstrates the flexibility of

the proposed method in determining M based on system characteristics. Fig. 5.4 presents the

clustering dendrogram, illustrating how different buses are progressively merged into the same

cluster according to their electrical distance. The grouping of buses and the resulting clustered

microgrids for the IEEE 33-bus system are shown in Fig. 5.3, indicating that electrically adjacent

buses are assigned to the same microgrid. Furthermore, power flow analysis under full-load

conditions confirms that the clustering algorithm effectively captures the network’s electrical

structure through line impedance characteristics. As depicted in Fig. 5.5, transitions between

clusters correspond to noticeable variations in voltage magnitude while maintaining compliance

with operational limits.
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Figure 5.5: Voltage magnitude profile of the IEEE 33-bus system.

5.3.2 Optimal Planning of Clustered Microgrid DERs

In Stage II, following the clustering process, representative load profiles are constructed by

aggregating the buses within each microgrid and averaging the renewable generation profiles at

the bus level. These aggregated profiles are then incorporated into the optimization model over

a one-year planning horizon with hourly resolution ∆t = 1hr.

To capture stochastic behavior, scenario-based variations are generated for the demand PL
b ,

solar generation profiles P
PV|1MW

t,s , and wind generation profiles P
W|1MW

t,s . These variations are

created independently for each microgrid m ∈ M and scenario s ∈ S. Each parameter is

obtained by perturbing its base profile at time t ∈ T using a Gaussian distribution centered

around the nominal value. The probability density function of this distribution is defined as:

f(x) =
1

σ
√
2π

e−
1
2(

x−µ
σ )

2

(5.44)

where x denotes the generated stochastic variable, µ represents the mean (base) value, and σ

denotes the standard deviation. For the demand profile, a standard deviation of 5% × PL
b is

applied, with sampled values clipped to the interval [0.8PL
b , 1.2P

L
b ]. Similarly, both P

PV|1MW

t,s

and P
W|1MW

t,s are generated using a standard deviation equal to 10% of their respective base

values, and are restricted to the range [0.7, 1.3] times the nominal profile. This independent

sampling approach captures the localized spatial and temporal variability of both load demand
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Table 5.2: Optimal sizing for each microgrid and the system aggregate across three operational

cases.

Microgrid Case
Sizing

SPV (MW) PCPV (MW) SW (MW) PCW (MW) SBES (MWh) PCBES (MW)

1 1.3 0.65 8.9 1.74 93.58 1.32

2 1.67 0.81 7.89 1.74 103.66 1.851

3 - - 3.05 1.03 - -

1 0.6 0.35 15.1 2.19 72.89 1.37

2 0.77 0.43 13.39 2.19 80.74 1.922

3 - - 3.05 1.03 0.29 0.05

1 0.44 0.22 4.18 0.81 36.75 0.52

2 0.56 0.27 3.7 0.81 40.7 0.723

3 - - 3.05 1.03 7.57 0.68

1 2.34 1.22 28.18 4.74 203.22 3.21

2 3 1.51 24.98 4.74 225.1 4.49Aggregate

3 - - 9.15 3.09 7.86 0.73

and renewable generation across the system.

The optimal capacity sizing results for both the individual microgrids and the aggregated

system are summarized in Table 5.2. As observed, the required asset capacities vary across the

different operational cases. In Case 1, independent islanded operation necessitates the highest

generation capacity, as each microgrid must independently hedge against stochastic variations

to reliably satisfy its local demand. In Case 2, the introduction of collaboration strategy en-

ables microgrids to share resources and exchange power. This cooperation reduces the required

renewable generation capacity; however, it necessitates the highest storage capacity to facilitate

energy exchange and enhance operational flexibility among the interconnected microgrids. he

operational behavior of Case 2 over 10 representative days is illustrated in Fig. 5.6. The sub-

plots present the individual microgrid power profiles, including load profiles, utilized PV and

wind power, and BES charge/discharge cycles with their corresponding SoC trajectories, along-

side the aggregated system power profiles. The figure highlights the synergistic performance

among the microgrids, particularly during periods when renewable generation exceeds demand.
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Figure 5.6: Operational results for Case 2 over 10 representative days. Individual microgrid

power profiles and SoC alongside aggregated system power profiles.

In Case 3, both the generation and storage capacity requirements decrease significantly with the

integration of the main utility grid. The availability of the main grid as an effectively unlimited

energy buffer substantially reduces the need for large local renewable generation and storage

capacities, resulting in the most capacity-efficient configuration among the considered scenarios.

The optimal capacity sizing results for both the individual microgrids and the aggregated

system are summarized in Table 5.2. As observed, the required asset capacities vary across the

different operational cases. In Case 1, independent islanded operation necessitates the highest

generation capacity, as each microgrid must independently hedge against stochastic variations

to reliably satisfy its local demand. In Case 2, the introduction of collaboration strategy en-

ables microgrids to share resources and exchange power. This cooperation reduces the required

renewable generation capacity; however, it necessitates the highest storage capacity to facilitate

energy exchange and enhance operational flexibility among the interconnected microgrids. The

operational behavior of Case 2 over 10 representative days is illustrated in Fig. 5.6. The subplots

present the individual microgrid power profiles and corresponding SoC trajectories, along with

the aggregated system power profiles. These results highlight the coordinated operation of the
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Figure 5.7: DERs and reactive power resources allocations within the clustered microgrids under

collaborative operation of Case 2.

networked microgrids, where the BES charges during periods of excess renewable generation

and discharges when generation is insufficient to meet demand. Notably, Microgrid 2 possesses

the largest storage capacity and functions as the primary energy buffer within the system. Con-

sequently, it undergoes fewer charge-discharge cycles compared to Microgrids 1 and 3, while

providing substantial discharge support during intervals of zero wind or solar generation. In

Case 3, both the generation and storage capacity requirements decrease significantly with the

integration of the main utility grid. The availability of the main grid as an effectively unlimited

energy buffer substantially reduces the need for large local renewable generation and storage

capacities, resulting in the most capacity-efficient configuration among the considered scenarios.

Furthermore, the results highlight distinct technology preferences. Across all three opera-

tional cases, wind generation is consistently preferred over solar PV. This preference is driven

by wind’s lower relative cost and its potential for continuous generation throughout the day,

which aligns better with self-sufficiency goals compared to solar power, which is strictly limited

to certain daylight hours. Additionally, the required BES capacity is larger than the wind ca-

pacity across all cases, a necessity to adequately compensate for periods of increased demand

or decreased renewable generation.
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Figure 5.8: Voltage variation of the IEEE 33-bus test system after DER and reactive power

resources allocation.

5.3.3 Optimal Resources Allocation

In Stage III, the DERs and reactive power resources are optimally allocated within the

clustered microgrids of the PDS using the capacity values obtained from Stage II, with the

objective of minimizing system losses and improving voltage regulation. In this stage, the

allocation is performed based on Case 2, where the main grid does not provide support and the

microgrids operate in a decentralized cooperative manner to ensure smooth and reliable PDS

operation.

Figure 5.7 illustrates the optimal locations of the DERs, including PV, wind, and BES units

within each microgrid, in addition to the placement of reactive power resources. Table 5.3

summarizes the corresponding resource capacities and their associated PCS ratings. A clear

pattern emerges in the optimal allocation results, where buses located at the beginning and

end of distribution branches are frequently selected. This selection is primarily driven by the

need to mitigate voltage drops that become more pronounced along longer feeder sections. By

placing generation resources at these critical points, voltage profiles are effectively improved.

Furthermore, reactive power resources are predominantly installed near the middle locations

of PDS branches within each microgrid. This placement enables a more effective distribution

of reactive power support, reducing line currents by compensating reactive components locally.

Consequently, this leads to lower system losses and enhanced voltage regulation performance.

In most allocation scenarios, BES units are installed either at the same bus as wind or PV

generation units or at adjacent buses. This strategy facilitates direct charging from locally
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Figure 5.9: Bus voltage change over simulation period showing the maximum, minimum and

mean voltage of the buses.

generated renewable power and minimizes additional transmission losses that would otherwise

occur if energy were transferred across longer feeder distances.

Figure 5.8 illustrates the operating voltage range of the IEEE 30-bus system at each bus,

demonstrating a clear improvement, with all voltage magnitudes maintained within ±1% of the

nominal value. Buses located at the ends of feeders exhibit a wider voltage variation range,

whereas buses equipped with installed DERs show enhanced voltage regulation due to their

capability to provide localized voltage support through DERs. Buses 20–25 exhibit the highest

variation range, primarily due to the presence of PV resources at the end of the feeder. During

nighttime hours, when PV active power generation is unavailable, the reduced local support

results in a larger voltage drop, causing the voltage magnitude to decrease to approximately

0.99 p.u. Nevertheless, this performance remains significantly improved compared to the case

without DERs, where voltages at the end of feeders can drop to nearly 0.9 p.u.

This behavior is further confirmed by the time-series voltage analysis shown in Fig. 5.9, which

presents the maximum, minimum, and mean voltage values across all buses. As indicated, the

average voltage consistently remains close to 1 p.u. The minimum voltage profile reflects the

contribution of PV generation, increasing during periods when PV output supports the PDS and

clustered microgrids. Conversely, during high-demand periods with low solar irradiation (e.g.,

17:00–21:00), the minimum voltage decreases, indicating relatively weaker voltage regulation.

Despite these variations, the voltage across all scenarios remains within approximately 0.99–

1.002 p.u., highlighting the effectiveness of the proposed framework in enhancing overall PDS
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Table 5.3: Optimal DER and Reactive Power Resources Locations.

Resource

Type
Microgrid Buses

Size

(MW/MWh/MVar)

PCS

(MW)

PV

1 [22, 25] [0.93, 0.74] [0.74, 0.36]

2 [6] [0.77] [0.43]

3 [12] [0.56] [0.27]

Wind

1 [2, 5] [5.3, 2.59] [1.17, 0.57]

2 [8, 28] [5.18, 8.21] [0.85, 1.34]

3 [15] [3.7] [0.81]

BES

1 [2, 5] [69.7, 33.96] [1.19, 0.66]

2 [9, 31] [40, 40.74] [0.95, 0.97]

3 [12] [40.7] [0.72]

QV ar

1 [4] [0.9] –

2 [29, 7] [0.55, 0.45] –

3 [11] [1.1] –

voltage regulation under islanded yet collaboratively operated microgrids.

5.4 Chapter Summary

This chapter presented a comprehensive tri-stage optimization framework for coordinated mi-

crogrid clustering, optimal DER planning, and network-level resource allocation within PDSs.

The first stage introduced an electrical-distance-based clustering approach that effectively par-

titions the PDS into coherent microgrids while preserving the inherent electrical structure of the

network. The second stage formulated a stochastic capacity planning model that determines

optimal DER sizing under multiple operational scenarios, capturing load and renewable uncer-

tainties. The third stage allocated DERs and reactive power resources across the clustered PDS

with the objective of minimizing system losses and improving voltage regulation.

The results demonstrated that operational strategies significantly influence the required gen-

eration and storage capacities. Independent islanded operation requires the highest installed
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capacity to ensure local reliability, whereas cooperative microgrid operation reduces generation

requirements at the expense of increased storage flexibility. Full integration with the main grid

leads to the most capacity-efficient configuration. Furthermore, the optimal allocation results

confirmed that strategic placement of DERs and reactive power resources enhances voltage sta-

bility, reduces feeder losses, and maintains voltage magnitudes within tight operational limits,

even under stochastic and islanded conditions.

While the proposed hierarchical clustering algorithm utilizes the default, static physical

impedance of distribution lines to establish the fixed, resilient boundaries necessary for long-

term microgrid capacity planning, active distribution networks also exhibit dynamic electrical

coupling and frequently undergo topological reconfigurations due to fault isolation or routine

switching. To advance Stage I of the framework, future work will explore adapting the cluster-

ing approach for short-term, operational microgrid formation by redefining the initial distance

matrix. Instead of relying solely on an intact network’s static line parameters, the distance

metric could be dynamically updated to reflect post-fault impedance changes, or initialized

using dynamic bus-to-bus sensitivity matrices, such as Jacobian-based voltage-to-power sensi-

tivities, derived from real-time power flow states, or by analyzing historical locational marginal

pricing correlations to group nodes with similar economic behaviors. This approach would al-

low the clustering framework to capture time-varying network stress, topological shifts, and

market dynamics, complementing the long-term structural baseline established in this study.

Furthermore, to build upon the optimal planning developed in Stage II, expanding the model

to large-scale real distribution networks and considering market-based coordination mechanisms

between microgrids and utility operators also represent promising research directions.
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Chapter 6

Conclusions and Future Work

6.1 Contribution Summary

The global transition towards deep decarbonization and the widespread integration of renew-

able energy introduce unprecedented operational complexities within modern power systems.

Managing these dynamics necessitates massive flexibility across both transmission and distri-

bution networks, which can be achieved through ES and decentralized microgrid architectures.

Despite the rapid advancement of these technologies, significant barriers remain in their effec-

tive integration into the power grid, including the complex modeling of emerging technologies,

stringent market regulations, and the lack of electrically informed decentralization strategies.

This thesis presented comprehensive optimization frameworks designed to address these crit-

ical gaps by investigating operations across the transmission, consumer, and distribution levels.

Specifically, the core contributions at each level are:

• At the transmission level: The research developed a holistic techno economic frame-

work for the optimal sizing and multi horizon scheduling of grid connected AA-CAES.

This approach incorporates detailed thermodynamic modeling to maximize the techno

economic viability of multi service participation, specifically EA, OR, and CMDR, across

diverse electricity pricing schemes.

• At the consumer level: An optimal energy resource sizing and management frame-

work was introduced for LEFs participating in CMDR. This framework features a novel

convex relaxation of dynamic baseline evaluation rules to overcome severe computational
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complexities, reducing computation time from several hours to fractions of a second while

ensuring global optimality with an optimality gap below 0.1%.

• At the distribution level: The study established a tri stage framework that system-

atically decentralizes PDSs into self sustaining microgrids. This was achieved through

hierarchical agglomerative clustering based on electrical line impedance, followed by the

stochastic planning and subsequent allocation strategy of DERs and reactive power re-

sources to significantly enhance voltage regulation and reduce system losses.

6.2 Conclusion

The proposed frameworks provide robust, computationally tractable solutions to maximize

the economic and operational benefits of ES and decentralized microgrids in modern power

systems. The primary conclusions drawn from this research are as follows:

• Optimal Deployment of AA-CAES: Quantitative analysis demonstrates that the eco-

nomic viability and optimal component sizing of AA-CAES heavily depend on the oper-

ational scheduling horizon and regional electricity pricing schemes. While AA-CAES is

economically viable for EA and OR primarily in high-variability markets like Europe, it

remains highly profitable for CMDR participation across both stable and variable markets.

Crucially, the target market and service portfolio directly dictate the physical system siz-

ing. In markets with high price variability, the optimization maximizes both compressor

and turbine capacities to fully leverage price fluctuations for EA. Conversely, in stable-price

markets such as Québec and Ontario, EA is financially infeasible; thus, the system opti-

mally reduces the compressor size to minimize CapEx while simultaneously maximizing

the turbine capacity to capitalize on CMDR compensation. Furthermore, participation in

OR specifically drives an increase in turbine capacity to respond effectively to high-priced

OR signals. Ultimately, the integration of detailed thermodynamic constraints ensures

that these market-driven sizing and multi-horizon scheduling solutions remain technically

feasible and economically optimal.

• Optimal Sizing and Management of LEFs: The introduction of a novel convex re-

laxation for dynamic CMDR baseline evaluation rules drastically improves computational

tractability, reducing computation times from up to 17 hours to merely 0.11 seconds while
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ensuring global optimality with a gap below 0.1%. By anchoring evaluations to a stan-

dard baseline, this convex formulation eliminates the risk of artificial demand reduction

and ensures participants can reliably meet their commitments. To evaluate physical as-

set deployment, the framework analyzed five specific case studies comparing short-term

(BES), long-term (HES, CAES), and hybrid storage combinations, both with and without

DR-enabled planning. The findings reveal that while standalone BES excels at short-term

arbitrage, its high energy cost limits sustained DR provision. Conversely, HES and CAES

effectively sustain extended DR reductions and peak shaving, but their lower round-trip

efficiencies limit EA profitability. Consequently, the optimal aggregated configuration

pairs BES with CAES, entirely displacing HES due to CAES’s superior efficiency and

lower costs. This hybrid synergy maximizes overall facility cost savings by utilizing BES

for short-duration arbitrage and PV excess utilization, while relying on CAES to reliably

deliver high-power CMDR commitments and mitigate facility peak loads.

• Optimal Clustering and Planning of PDSs: Decentralizing PDSs through the pro-

posed tri-stage framework effectively bridges network topology with stochastic asset plan-

ning and spatial allocation. In the first stage, electrically informed, impedance-based

hierarchical clustering successfully captures the true structural characteristics of the grid,

partitioning it into coherent microgrids. In the second stage, stochastic planning evalu-

ations reveal how distinct management strategies dictate physical capacity requirements.

Specifically, operating microgrids as independent islanded entities demands the highest

installed generation capacity to ensure local reliability. Conversely, enabling cooperative

microgrid operation reduces total generation requirements but necessitates the highest

storage capacities to buffer inter-microgrid energy exchanges. Ultimately, full integration

with the main utility grid yields the most capacity-efficient configuration. Finally, the

third stage’s coordinated allocation strategy strategically places these optimized active

DERs at the ends of distribution branches to effectively mitigate severe voltage drops,

while positioning reactive power resources near the middle of feeders to minimize system

losses. This integrated spatial and operational approach successfully maintains network

voltage magnitudes within a strict operational range of 0.99 to 1.002 p.u., ensuring resilient

performance regardless of the operational mode.
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6.3 Limitations

While the optimization frameworks developed in this thesis provide robust and computa-

tionally tractable solutions for integrating ES and decentralized microgrids, certain limitations

should be acknowledged:

• Reliance on Historical Data: The techno-economic framework for the optimal deploy-

ment of grid-connected AA-CAES and the energy resource sizing and management model

for LEFs participating in CMDR rely fundamentally on historical data. Specifically, these

models utilize historical load profiles, renewable generation data, and real-time hourly

electricity prices to determine optimal component sizing and operational scheduling. This

methodology inherently assumes that historical patterns are indicative of future behav-

ior. Consequently, it does not explicitly account for projected exponential increases in

electricity demand driven by deep sector electrification, nor does it capture potential un-

precedented variations in future electricity market prices caused by an evolving and highly

stochastic generation mix. As power grids continue to transform, these unmodeled future

variations could impact the long-term techno-economic optimality of the determined ca-

pacities.

• Static Network Modeling for Decentralization: Regarding the decentralization of

PDSs, the proposed hierarchical clustering algorithm utilizes the default, static physical

impedance of distribution lines to establish the fixed, resilient boundaries necessary for

long-term microgrid capacity planning. However, active distribution networks also exhibit

dynamic electrical coupling and frequently undergo topological reconfigurations due to

fault isolation or routine switching. The current framework establishes a long-term struc-

tural baseline but does not inherently capture short-term, time-varying network stresses

or topological shifts.

6.4 Future Work

Building upon the methodologies and optimization frameworks developed in this thesis, sev-

eral promising avenues for future research can be pursued:

• Expansion of GS Portfolios: For the techno economic framework regarding the op-

timal sizing and scheduling of grid connected AA-CAES, the current assumption limits
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participation to specific services like EA, OR, and CMDR. However, despite taking into

consideration the most commonly used and influencing GSs, the framework can be ex-

tended to include and evaluate other GSs.

• Integration of Emerging Storage Technologies: For the optimal energy resource

sizing and management framework for LEFs, the scope is currently limited by its reliance

on specific modeled systems like BES, HES, and CAES. Because of this limitation, different

ESs can also be added to the framework as new technologies are continuously developed.

• Dynamic Clustering for Operational Microgrid Formation: For the tri stage opti-

mization framework for optimal clustering of power distribution systems into sustainable

microgrids, to advance the first stage of the distribution network framework, future work

will explore adapting the clustering approach for short-term, operational microgrid for-

mation by redefining the initial distance matrix. Instead of relying solely on an intact

network’s static line parameters, the distance metric could be dynamically updated to

reflect post-fault impedance changes. Alternatively, it could be initialized using dynamic

bus-to-bus sensitivity matrices—such as Jacobian-based voltage-to-power sensitivities de-

rived from real-time power flow states—or by analyzing historical locational marginal

pricing correlations to group nodes with similar economic behaviors. This approach would

allow the clustering framework to capture time-varying network stress, topological shifts,

and market dynamics, complementing the long-term structural baseline established in this

thesis.

• Utility Scale Microgrid Management: For the tri stage optimization framework for

optimal clustering of power distribution systems into sustainable microgrids, the multi

microgrid management approach can be utilized as a foundation for broader utility scale

applications. By integrating market based coordination mechanisms between microgrids

and utility operators, and expanding the model to large scale real distribution networks,

this framework can be evolved to manage an entire utility grid consisting of interconnected

microgrids.
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