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Abstract

Operational planning is an integral part of maintaining economic operation of the bulk

power system and keeping the lights on. Traditionally, power systems have been designed

without ramping capability concerns, such that operational planning needed only focus on

capacity adequacy, while assuming sufficient ramping capability. Today, the integration of

renewable energy sources has led to increased variability and uncertainty in the power bal-

ance, thus warranting the need to carefully assess the ramping adequacy of resources on top

of capacity requirements. Moreover, the advent of energy-constrained resources, such as

energy storage and demand response, has warranted the need to plan power systems in the

face of energy scarcity, in addition to ramping and capacity scarcity. Consequently, tradi-

tional operational planning is becoming less capable of handling the new reality of modern

sustainable power systems integrating high levels of renewable energy. This has led to the

emerging concept of power system flexibility, to emphasize on the need to plan capacity,

ramping, and energy altogether. Concurrently, there has also been an increasing interest

in stochastic planning to handle the increased uncertainty. That being said, the current

state of the art on operational planning remains confined to the traditional thinking, espe-

cially when defining operating reserve requirements. To that end, this dissertation proposes

a modernization of the concept of operating reserve, in light of the emerging concept of

power system flexibility. The concept of a flexibility requirement envelope is introduced to

accurately capture the capacity, ramping, and energy requirements arising from variability

and uncertainty. Equally, the concept of a flexibility envelope is proposed to capture the

capacity, ramping, and energy capability of a power system resource. Adequate system

flexibility is asserted when the aggregate flexibility envelope of power system resources

encloses the flexibility requirement envelope while performing operational planning. The

concept of envelope enclosure is formulated both deterministically and probabilistically,

and its effectiveness is illustrated via several examples throughout the dissertation. Fur-

thermore, the dissertation proposes dynamical operational planning, which is expected to

open new avenues in operational planning research and practice.
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Résumé

La planification opérationnelle fait partie intégrante du maintien d’un régime opérationnel

économique et fiable des réseaux électriques. Traditionnellement, les réseaux ont été conçus

sans avoir à se soucier des phénomènes de rampes de puissance, de telle sorte que la plani-

fication opérationnelle devait uniquement traiter l’adéquation des capacités en partant du

principe que les capacités de rampe des équipements du réseau étaient suffisantes. De nos

jours, l’intégration des sources d’énergie renouvelables a contribué à augmenter la vari-

abilité et l’incertitude dans l’équilibre de puissance entre la production et la charge. Cela

nécessite d’évaluer précisément l’adéquation des capacités de rampe et de puissance des

ressouces du réseau. De plus, l’arrivée de ressources contraignantes en termes d’énergie,

que ce soit par rapport au stockage de l’énergie ou au pilotage de charge, rend nécessaire

la planification de systèmes électriques capables de faire face à la raréfaction de l’énergie,

de puissance disponible et de rampe. Par conséquent, la planification opérationnelle tra-

ditionnelle devient moins apte à gérer la nouvelle réalité des systèmes électriques durables

modernes qui intègrent fortement les énergies renouvelables. Ceci a conduit à l’émergence

du concept de flexibilité du système électrique, soulignant l’importance d’une planifica-

tion conjointe de la puissance disponible, des rampes et de l’énergie. En parallèle, on

observe également un intérêt croissant pour la planification stochastique afin de gérer

l’incertitude croissante. Cela étant, l’état actuel de la technique concernant la planifi-

cation opérationnelle reste confiné à la pensée traditionnelle, et notamment lorsqu’il s’agit

de définir les contraintes de réserves d’exploitation. A cette fin, ce mémoire propose de

moderniser le concept de réserve d’exploitation à la lumière du concept émergeant de la

flexibilité. Le concept d’une enveloppe des exigences de flexibilité est proposé pour capter

le besoin en puissance disponible, en rampe et énergie qui découlent de la variabilité et

de l’incertitude mentionnées plus haut. De la même manière, le concept d’une enveloppe

de flexibilité est développé pour déterminer les moyens en termes de puissance, en rampe

et en énergie d’une ressource d’un système électrique. Une flexibilité de système adéquate

est appliquée, lorsque l’enveloppe de flexibilité totale des ressources du système électrique

comprend l’enveloppe des exigences de flexibilité, lors de la planification opérationnelle. Le

concept d’enveloppe est formulé à la fois via une approche déterministe et via une approche

probabiliste. Son efficacité est illustrée grâce à plusieurs exemples dans cette thèse. En

outre, cette thèse évoque une planification opérationnelle dynamique, qui devrait ouvrir de
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nouvelles voies dans le domaine de la planification opérationnelle et faire avancer l’état de

la technique.
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Chapter 1

Introduction

1.1 The North American Bulk Power System in Transition

A worldwide trend is currently in effect, whereby power systems are moving away from

fossil-based electricity production and towards renewable low carbon sources of electricity,

primarily wind and solar power. Many countries have already set up ambitious targets for

integrating renewable energy sources (RES). In the United States alone, over 145 000 MW

of additional generation capacity projected over the next decade is to be contributed by

RES, thus amounting to a 700% increase in RES penetration levels, when compared to

those of the year 2008 [4]. Such extreme RES integration efforts around the globe seek

to harness the economic and environmental benefits of RES, mainly energy security and

mitigating climate change [5].

The North American Electric Reliability Corporation (NERC) is primarily concerned

with the reliable and efficient operation of the North American bulk power system, which

prompted the organization to be on the frontier of addressing the challenges brought about

by the need to accommodate high levels of RES. In one of their recent reports [4], NERC

has concluded that “the North American bulk power system will require significant changes

to traditional methods used for system planning and operation,” to allow high penetration

levels of RES in the near future without sacrificing system reliability. The primary driver

behind such conclusion is the inevitable increase in variability and uncertainty in the power

system, beyond what current practices were designed to handle. In response, this disserta-

tion is an attempt at this challenge, by providing a mix of traditional and non-traditional

paradigms catering to short-term operational planning under high RES penetration levels.
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1.2 Power System Operation and Planning Overview

Operation and planning in the North American bulk power system is hierarchical in na-

ture, spanning several time frames, as illustrated in Fig. 1.1. The figure summarizes the

time frames pertinent to the scope of this dissertation, which also happen to be the most

impacted by the increased variability and uncertainty in the power system, as a result of

RES integration.

Power (pu)

Time (hours)

Fig. 1.1 Timescales for power system operation and planning [1].

Long-term adequacy studies

The North American bulk power system may as well be considered the biggest industrial

system across North America. Such mega-structure would require several years of continu-

ous planning ahead of time to accommodate generation growth and transmission expansion

in line with demand growth. Traditionally, long-term adequacy studies have focused on

generation capacity and transmission planning, while assuming sufficient ramping capa-

bility of resources. Subsequently, integration studies started to emerge, to evaluate the

impact of RES penetration on power system operation in the long-term planning context

[6]. Although integration studies ensured adequate capacity was available to cope with RES

uncertainties, they fell short of evaluating the system’s ability to use this capacity to meet

variability over various time horizons [7]. Consequently, this prompted the recent emer-

gence of power system flexibility studies to plan both capacity and ramping capability of
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resources. Flexibility studies are now considered the state of the art on long-term adequacy

planning—surveyed later in this chapter. As conveyed by the short literature survey, this

remains a wide open area of research, whereas classic capacity adequacy studies are yet to

adapt to the multidimensional aspects of flexibility (i.e. capacity, ramping, and energy) in

sustainable power systems. In this dissertation, we provide a flexibility assessment frame-

work that can be integrated in production cost planning, to carry out long-term flexibility

planning.

Day-ahead scheduling (unit commitment)

Unit commitment is concerned with determining the mix from a pool of resources, to be

used in the upcoming day of operations. In North America, unit commitment is performed

once a day, by which the generation schedules are due mid-day on the prior day. Resources

are committed on an hourly basis and are scheduled such that their total power output

meets the forecasted net load (i.e. load less non-dispatchable RES generation) for each

hour of the day. Unit commitment also ensures that the committed resources have sufficient

headroom/footroom to ramp up/down, to follow the intra-hourly deviations from the net

load’s hourly forecasts and to respond to system contingencies, i.e. sudden loss of generation

and/or losses of transmission lines. This headroom/footroom capacity is termed operating

reserve.

In the industry1, a typical mixed-integer linear program (MILP) representing this plan-

ning stage can be formulated as following:

min
ui,gi

24∑
h=1

∑
i∈Ig

aiui(h) + bigi(h) (1.1)

1The power system industry in the United States relies primarily on mixed integer linear programming
(MILP) to perform day-ahead power system planning.
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subject to ∑
i∈Ig

gi(h) = `(h); h = 1, . . . , 24 (1.2)

∑
i∈Ig

gi(h)− x↓i (h) ≥ ORτ (h); h = 1, . . . , 24; τ = 10 (1.3)

∑
i∈Ig

x↑i (h)− gi(h) ≥ ORτ (h); h = 1, . . . , 24; τ = 10 (1.4)

−60 ·Ri ≤ gi(h)− gi(h− 1) ≤ 60 ·Ri; i ∈ Ig;h = 2, . . . , 24 (1.5)

ui(h)Pmin
i ≤ x↓i (h) ≤ gi(h); i ∈ Ig;h = 1, . . . , 24 (1.6)

gi(h)− x↓i (h) ≤ τ ·Ri; i ∈ Ig;h = 1, . . . , 24; τ = 10 (1.7)

gi(h) ≤ x↑i (h) ≤ ui(h)Pmax
i ; i ∈ Ig;h = 1, . . . , 24 (1.8)

x↑i (h)− gi(h) ≤ τ ·Ri; i ∈ Ig;h = 1, . . . , 24; τ = 10 (1.9)

where gi(h) is the scheduled output level of resource i ∈ Ig for the hth hour, ui(h) is the

binary commitment state (on/off) of the ith resource for the hth hour, {ai, bi} are cost

parameters, {Pmax
i , Pmin

i , Ri} are the maximum output level (MW), the minimum input

level (MW), and the maximum ramp rate (MW/minute) of the ith resource, `(h) is the net

load forecast for the hth hour, and ORτ (h) is the τ -minutes operating reserve requirements

for the hth hour.

The objective (1.1) is to minimize the commitment cost (via parameter ai) and the

energy generation cost (via parameter bi) over the full day ahead (i.e. 24 hours), by com-

mitting the right mix of resources at each hour h. Constraint (1.2) ensures the power

balance is met at each hour h, by matching the resources’ dispatch to the hourly net load

forecast. Constraints (1.3) and (1.4) ensure the operating reserve available from committed

resources covers the τ -minutes operating reserve requirements ORτ for the hth hour. Here,

τ is usually taken to be 10 minutes, which represents combined primary and secondary

frequency control reserve requirements. Constraint (1.5) ensures that the committed re-

sources can follow the hourly step changes in the net load, subject to ramping constraints

of resources, which represents the tertiary reserve requirement. Constraints (1.6)–(1.9)

bound the ith resource’s dynamics by its maximum ramping rate, maximum output level,

and minimum output level. Finally, for the sake of simplicity, other constraints that are

nontrivial (e.g. minimum uptime and downtime) or related to the transmission network
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are left out. Although such constraints are important in power system planning, they are

not central to the conceptual development in this dissertation. A more complete MILP

formulation of the traditional unit commitment problem can be found in [8].

Furthermore, the increased variability and uncertainty in the power system, as a re-

sult of accommodating high RES levels, has warranted the emergence of stochastic unit

commitment methodologies [9]. These methodologies do not include constraints (1.3) and

(1.4) in their formulation. Instead, the operating reserve is planned implicitly by imposing

power balance on the probability-weighted stochastic scenarios. The advantage, here, over

traditional planning with explicit reserve requirements is that stochastic unit commitment

leads to a valuable reduction in planning costs in the face of increased variability and un-

certainty [10]. In this dissertation, we propose another stochastic planning approach that

circumvents the main drawback of current stochastic methodologies, namely the “curse of

dimensionality.”

Load following (economic dispatch)

Economic dispatch is concerned with determining power set points of resources, once they

have been committed on the day before. The resources’ output levels are updated on a

sub-hourly basis, given the updated net load forecast and current commitment status of

the power system resources. Typically, this process is carried out every 10 minutes, such

that it provides sub-hourly tracking of the net load (a.k.a. load following), by deploying

the planned operating reserve capacity. A traditional myopic linear program representing

this planning stage can be formulated as the following:

min
∑
i∈Ig

bigi(h+ k) (1.10)

subject to∑
i∈Ig

gi(h+ k) = `(h+ k) (1.11)

−10 ·Ri ≤ gi(h+ k)− gi(h+ k − 1) ≤ 10 ·Ri; i ∈ Ig (1.12)

Pmin
i ≤ gi(h+ k) ≤ Pmax

i ; i ∈ Ig (1.13)
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where k is the economic dispatch period of the hth unit commitment hour. In this myopic

formulation, the system operator needs only ensure that resources respect their ramp limits,

when ramping from the previous economic dispatch period. At best, constraints (1.3) and

(1.4), can be adapted to this formulation, to continuously replenish the operating reserve

ORτ as time advances. The no-load cost ai and the unit commitment variable ui are

removed from economic dispatch.

Moreover, there are further variations on the economic dispatch problem in the litera-

ture, such as predictive economic dispatch [11], and min-max economic dispatch [12]. Such

predictive (non-myopic) strategies are in a better position to handle the increased variabil-

ity and uncertainty as a result of RES integration. In this dissertation, we propose another

predictive approach that captures and plans the intra-hourly reserve requirements, while

performing economic dispatch in a receding horizon fashion.

Operating reserve

The net load is bound to deviate continuously from its forecast level in real time. This leads

to power imbalances between supply and demand. For this reason, resources need to deviate

from their scheduled output levels to follow the net load and maintain balance, via reserve

deployment. Reserve may come from the committed resources (on-line or spinning), or it

may come from off-line resources (non-spinning) that can be brought on-line on short notice.

In North America, there are four main reserve types or categories, whereas, in reality,

there is a lack of consensus across industry and academia on the exact categorization and

operation of reserve types [13]. Without loss of generality, the four main types of operating

reserve are primary (instantaneous), secondary (fast), tertiary (slow), and contingency

reserves. Primary reserve is deployed within 30 seconds, via frequency-driven control,

to follow the second-to-second variations in the net load with the objective of limiting

frequency drift. Secondary reserve is deployed within 10 minutes, via economic dispatch,

to follow the net load realizations (i.e. minute-to-minute variations). Tertiary reserve is

deployed within an hour, often via supplementary unit commitment, to offset hourly net

load realizations (i.e. hour-to-hour variations). Finally, contingency reserve is used in the

event of sudden loss of generation or transmission outage. In North America, this reserve

capacity is set to cover the loss of the largest generator—termed N − 1 security.

With respect to constraints (1.3) and (1.4), there are several ways to calculating the
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operating reserve requirements ORτ , which will be surveyed later in this chapter. The

simplest method is to set ORτ to a certain percentile of the empirical distribution of the

τ -minute net load step changes (i.e. the net load forecast error). In this dissertation,

we propose extending ORτ from being calculated for a single τ (e.g. only for 10 minutes

duration) to being calculated over a spectrum of τ values covering the full unit commitment

hour (i.e. τ ranging from 0 to 60 minutes). Conceptually, we argue in favor of defining the

operating reserve as a spectrum, rather than categorically in terms of primary, secondary,

and tertiary reserve types. That is, a spectrum of reserve is capable of accurately capturing

the intra-hourly capacity and ramp requirements arising from variability and uncertainty

in the net load, as we will see in the following chapter.

1.3 The Challenge of Accommodating High Levels of Renewables

Prevailing weather conditions dictate the output of most RES, thus making them variable

and uncertain due to the erratic nature of weather patterns [7]. This poses a great challenge

to system operators when having to balance power production and consumption, which

must be carried out in real time. In fact, it is expected that current power system operation

and planning practices will become grossly obsolete with the increasing penetration of RES

in power systems around the globe [14, 3, 15].

Traditionally, system operators have had to deal with variability and uncertainty re-

sulting mainly from demand and random generation/transmission outages. Generally, they

have always had enough lead-time and ample capacity to prepare generation in advance to

deal with such circumstances [16]. On the contrary, under high RES penetration, the net

load exhibits higher magnitudes and rates of variability [17] with higher uncertainty. This

reduces the available lead-time, creates requirements for large and sudden ramping events,

and causes frequent start-ups and shut-downs for dispatchable generating units [18, 19],

thus warranting the rethinking of traditional operation and planning practices to suit better

1) shorter decision-making lead-times, 2) faster changeability, and 3) higher uncertainty.

In addition, other resources in the system will be required to alter their generation and/or

consumption in a variable manner and fast enough to overcome those three challenges—the

basic premise behind power system flexibility.

Variability and uncertainty are two different but related issues. Variability arises be-

cause RES have maximum generation limits that change with time, while uncertainty arises
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because this limit cannot be known with perfect accuracy [20]. In particular, under high

RES penetration, the impact of intra-hourly variability and uncertainty can become sub-

stantial enough to put significant stress on reserve requirements in terms of necessary

capacity and its ability to ramp, both upward and downward. It is thus our ambition that

all devices (producing and/or consuming power) in the power system can participate col-

lectively in balancing power across the system, by exploiting their upward and downward

flexibility—i.e. by providing flexible reserve.

One real world example, which highlights the potential risks associated with improper

flexibility planning in a power system, is ERCOT’s event on February 26, 2008 [2], when

a large ramp-down of wind generation, an unexpected loss of conventional generation, and

a quicker than expected load ramp-up occurred simultaneously, thus seriously threatening

the security of ERCOT’s system. The system operator had to call on reserve capacity and

load shedding by industrial customers, in exchange for economic compensation. The event

lasted for 2 hours as shown in Fig. 1.2.

In this dissertation, we propose the concept of an envelope to capture the intra-hourly

spectrum of reserve requirements arising from the net load variability and uncertainty—

termed the flexibility requirement envelope. The height and slope of the envelope quantify

capacity and ramp requirements, respectively. In the next chapter, we will require the ag-

gregate flexibility envelope of all committed resources to enclose the flexibility requirement

envelope, to ensure adequate system flexibility at any given time.

1.4 The Emerging Concept of Power System Flexibility

The concept of flexibility in power systems has been introduced formally only recently and

has been recognized officially by organizations like the International Energy Agency (IEA)

[5] and NERC [4, 21]. Concurrently, academic research and industry reports have begun to

emerge and assess flexibility in power system operation and planning. Currently, the two

main research frontiers in this area are in terms of long-term flexibility planning and short-

term operational flexibility scheduling. Currently yet, there is no universal definition of

power system flexibility. Different authors and groups have contributed their own definition,

which we discuss shortly here.

Flexibility is defined in [16] as “the ability of a system to deploy its resources to respond

to changes in net load, where net load is defined as the remaining system load not served
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Fig. 1.2 Unexpected ramping event in the ERCOT power system jeopardiz-
ing the system’s security [2].
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by variable generation.” A definition in [5] states that “flexibility expresses the extent to

which a power system can modify its electricity production and consumption in response to

variability, expected or otherwise.” From an operational point of view, flexibility is seen in

[3] as “the potential for capacity to be deployed within a certain time-frame” to respond to

changes in net load. Similarly, [22] and [23] define operational flexibility “in terms of power

capacity (MW), ramp rate (MW/min), that is, the ability to increase energy production

with a certain rate, and ramp duration (min), that is, the ability to sustain ramping for

a given duration.” A lower level definition is adopted in [24], where flexibility is said to

encompass controllability and observability information about the underlying power system

which is constrained by the dynamics of its resources. Tying technical flexibility with

economics, [19] defines flexibility as “the ability of a power system to cope with variability

and uncertainty in both generation and demand, while maintaining a satisfactory level of

reliability at a reasonable cost, over different time horizons.” Similarly, flexibility is defined

in [25] as “the system’s capability to respond to a set of deviations that are identified

by risk management criteria through deploying available control actions within predefined

time-frame and cost thresholds.”

Therefore, a power system must be flexible in its resources, operation, and planning to

permit the integration of higher RES targets. The more flexible a power system is, the more

variability and uncertainty it can handle, and the more RES levels can be achieved without

sacrificing system reliability. This can be realized by diversifying the resources available in

the power system, such that they exhibit various flexibility characteristics and flexibility

costs, as argued in [26]. The challenge then becomes how to manage and optimize this

flexibility potential according to system needs in the most economical way. The proposed

concept of flexibility envelopes in this dissertation provides such means.

Having excess reserve capacity does not necessarily ensure power system security, espe-

cially under significant RES penetration [27]; this capacity must also be “flexible” enough

to be deployed in good time. The system operator must validate the ramp-ability of re-

serve capacity implemented by its portfolio of resources, subject to transmission constraints.

This portfolio has to be capable of providing power setpoint adjustments (both upward and

downward), within the time scales and power volumes entailed by the realization of the net

load variability and uncertainty, and within the transmission capacity of the network.

Moreover, the design of the transmission network can have a significant impact on

the flexibility provided by resources. For instance, transmission switching technology has
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begun to emerge as a source of flexibility in the grid [28], while the locations of flexibility

resources become highly relevant due to potential congestion [29]. In this dissertation,

we do not perform transmission planning, nor do we consider the network’s topology when

performing flexibility planning. In the interest of time and scope, we are not addressing the

effect of the transmission network on the proposed flexibility envelopes, nor the inherent

flexibility of the grid itself. These are important matters which are planned for future

research.

1.5 Flexibility Resources

Relying on existing resources in traditional power systems, which consists mainly of con-

ventional generation units, is likely to be inadequate under high RES penetration [26].

Therefore, investors must seek to diversify their flexibility portfolio by including a wide

range of technologies. Flexibility resources or technologies can be further classified into

flexible generation, demand response, and energy storage.

Flexibility derived from flexible generation is mainly related to the capacity, ramp rate,

and startup/shutdown time of the generating unit. Although a generator may be flexible

in its capacity and ramping rate, this flexibility can be hindered by the reluctance of its

owners to operate the resource in a variable and/or intermittent fashion, due to the wear and

tear and increased fuel consumption. Manufacturers are constantly working on improving

the cycling and ramping capabilities of this resource type. Others have investigated the

cost effects of generation ramping in high wind penetration systems, in comparison to

alternatives like demand response and energy storage systems [30].

Demand response refers to the ability of electricity consumers to alter their consumption

patterns in response to net load variability. Demand response may occur involuntarily via

imposed load shedding, or it may occur voluntarily via participation in demand response

programs. Some types (e.g. industrial) can be called day ahead, while others (e.g. resi-

dential) can respond in real time [19]. Demand response is potentially a great flexibility

resource due to the aggregate response of end users with a broad range of load devices of

differing characteristics. Examples of demand side response are residential water heaters

and electric vehicles.

Large-scale energy storage are increasingly becoming valuable flexibility resources as

well. The ability to convert electricity to a stored form of energy has a unique advantage in
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the sense that electricity production does not have to be consumed anymore in real time,

to maintain power balance. There are diverse types of energy storage technologies [31, 32]

suitable for different roles in supporting the grid. For instance, batteries and flywheels can

be used for regulation, while pumped hydro can be used for day-night arbitrage. Electric

vehicles are also becoming a source of distributed energy storage [33], whereas there are

some types of demand response devices (e.g. residential water heaters [34]) that may act

as distributed energy storage, as well, due to their inherent storage capacity.

This dissertation proposes the concept of flexibility envelopes to capture and manage

the flexibility (i.e. reserve flexibility) available from such resources. The height and slope

of the envelope quantify capacity and ramping capability, respectively, of a single flexibility

resource (or an aggregate). Adequate flexibility is ensured, when the aggregate flexibility

envelop of resources encloses the flexibility requirement envelope arising from the net load

variability and uncertainty, as we will see in the following chapter.

1.6 State of the Art on Flexibility Planning

Short-term flexibility planning

The objective of short-term flexibility planning is to ensure economical and feasible oper-

ations by committing the right power system resources and prepositioning them correctly

ahead of time. This is generally done directly in the context of day-ahead unit commitment

and predictive economic dispatch. With unit commitment, reserve capacity is scheduled

and, in the case of economic dispatch, the available generation capacity is deployed to

meet the current levels of net load. Inappropriate short-term operation planning may lead

to insufficient flexibility in real-time operation—inadequate power capacity combined with

potentially inadequate maneuverability—which in turn may lead to undesirable situations

such as out-of-merit dispatch, involuntary load shedding, unnecessary renewable generation

curtailment and, potentially, widespread blackouts. As mentioned above, unit commitment

problem formulations generally attempt at resolving this problem. However, they only focus

on getting the capacity right but not necessarily its ramping capability.

Conventionally, reserve types have been categorized according to their required de-

ployment response time and the duration during which resources providing them have to

maintain their deployed capacity. The three main categories are frequency containment
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reserves (primary/instantaneous), frequency restoration reserves (secondary/fast), and re-

placement reserves (tertiary/slow) [35, 36, 13, 37]. Such categorization is unlikely to guar-

antee system’s security under significant RES penetration, because it does not accurately

capture reserve requirements arising from the net load variability and uncertainty; a more

systematic approach is desired.

Flexibility, on the other hand, quantifies in a more general way reserve capacity dynam-

ics of power system resources over a time continuum—the horizon of potential flexibility

deployment. This allows for a more rigorous consideration of reserve requirements in terms

of both capacity and ramp-ability. The heuristic distinction between the various reserve

types is no longer explicitly needed, thus allowing the various power system resources,

including demand response and energy storage systems, to contribute collectively to the

whole spectrum of reserve requirements. Henceforth, one must ask: to what extent does

the recent literature on short-term planning quantify and plan reserve requirements in light

of the emerging concept of flexibility?

Estimating a power system’s flexibility requirements is directly related to quantifying

and modeling the net load random process. This can be modeled exogenously or endoge-

nously with respect to the planning problem. The exogenous approach quantifies the net

load random process in terms of a probability distribution or a statistic (e.g. standard

deviation), which is then used to impose an explicit reserve requirement constraint in the

generation planning optimization model. This quantity could be static for all planning

periods, or it could be dynamic and specific to each period. The endogenous approach

models the net load random process stochastically (e.g. via a scenario-tree formulation),

which is then integrated into the planning problem and solved via stochastic programming

techniques. In the latter case, there is no explicit reserve requirement constraint, as it is

accounted for implicitly via the need to satisfy the power balance constraint in each of the

scenarios [38, 10].

In the case of an exogenous approach, some techniques map the probability distribu-

tion or its statistics directly to a reserve requirement for a certain timeframe such as the

10-minute spinning reserve [14, 39]. Other techniques relax the reserve requirement by first

mapping the probability to a reliability criterion [35, 40, 17, 41], which allows for insuf-

ficient flexibility as long as the reliability criterion is met. Yet other techniques further

relax the reserve requirement by optimizing the reserve cost against the actual benefit of

its availability [42, 27, 41]. The benefit is improved operational cost and/or feasibility
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of the planning problem, since directly mapping the net load random process to reserve

requirements can be a stringent constraint during planning.

On the other hand, the endogenous approach for quantifying the net load random

process is suitable for stochastic-based planning (e.g. stochastic unit commitment). The

main advantage here is that fully hedging against scenarios that have much lower probability

of occurrences may not be needed, considering the higher reserve costs associated with these

scenarios [3]. The endogenous stochastic approach is surveyed thoroughly in [9].

Long-term flexibility planning

Interest in long-term flexibility assessment and planning has begun to emerge only recently

to address the issue of flexibility adequacy. To this date, there are very few methodologies

that have been proposed to assess the overall flexibility in power systems. They are surveyed

in [43]. The main implication here is that flexibility consideration in long-term planning

may change the optimal mix of resources to be invested in [44].

A high level flexibility assessment methodology was proposed in [5] tailored to inex-

perienced system operators, investors, and policy makers. The assessment tool did not

require extensive data and computational resources. Assessment of flexibility and potential

RES penetration targets were drawn from a number of qualitative and simplified quantita-

tive analyses, given operational assumptions about systems in question. Results from one

system could not be generalized to other systems, since each system was unique and the

assessment results were system-specific.

On the other hand, production cost simulation can be used to gain more accurate

and detailed assessment of flexibility. After simulating unit commitment and economic

dispatch runs, statistical or probabilistic analysis can be applied to simulation results to

assess the system’s ability to match flexibility resources to flexibility requirements over

various planning horizons. Operational and network constraints can be incorporated into

the simulation runs, which provides an insight into their potential flexibility impacts.

The insufficient ramping resource expectation (IRRE) assessment method was proposed

in [16] and took the production cost simulation approach. Periods of increasing, or sepa-

rately decreasing, net load ramps were simulated to obtain net load and generation ramping

time-series. The idea was to match ramping requirements over various time horizons to

available flexibility from all resources and identify situations of potentially insufficient ramp-
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ability. The IRRE metric was proposed to replace the traditional loss of load expectation

(LOLE) metric which assesses capacity inadequacy but not ramp inadequacy.

A more advanced technique was proposed in [19] which was also based on production

cost simulation. The unit commitment and construction (UCC) algorithm determined the

optimum portfolio of flexibility resources and the appropriate time to build and commission

new resources. However, this came at a higher cost of computational complexity due to

the added decision variables (to construct or not to construct).

In general, production cost simulation is data and computationally intensive due to

having to incorporate unit commitment and economic dispatch runs. At best, data sampling

must be taken somewhat widely apart in order to keep the computational tractability under

control, thus reducing the accuracy of flexibility assessment. A much less computationally

intensive alternative is to replace unit commitment runs with merit-order dispatch. The

IRRE methodology was updated with merit-order dispatch in [45].

The key point to take from the above is that short-term flexibility greatly impacts long-

term flexibility planning, especially when production cost simulation is deployed. This

makes long-term planning studies prone to the limitations of current short-term planning

methodologies, as elaborated next.

1.7 Gaps in the State of the Art

More or less, the various approaches above followed the conventional wisdom of quantifying

reserve capacity for the 10-minute deployment reserves (i.e. primary and secondary reserve

requirement) and for the one-hour deployment reserve (i.e. tertiary reserve requirement).

At best, a constraint was imposed on those two categories to be able to linearly ramp to

the full capacity within the entailed time frames. However, the essence of the concept

of power system flexibility goes beyond merely defining reserve requirements statically for

one or two time frames. Such approach does not satisfactorily capture the full intra-hourly

characteristics (i.e. variability and uncertainty) of the net load random process, which may

lead to underestimating flexibility requirements. In this dissertation, we attempt to fully

capture these intra-hourly characteristics by proposing the flexibility requirement envelope

concept capable of covering a spectrum of deployment time frames.

That being said, some recent approaches divert from the conventional wisdom. The

“flying-brick” concept in [22] and the “probability-box” concept in [23] quantify reserve
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requirements based on statistical analysis of variability for a spectrum of intra-hourly du-

rations. The proposed envelopes approach of this dissertation follows along the same lines

but acknowledges the time evolution of reserve requirements, which resembles the shape of

an envelope or a cone. Essentially, the “flying-brick” and the “probability box” are “boxed”

versions of the proposed envelope, when transforming the envelope into the capacity-ramp-

duration space. That is, the envelope carves out some of the empty space within the boxes.

This empty space in the “flying”/“probability” boxes may end up imposing unnecessarily

costly reserve requirements on the system.

Furthermore, the reviewed literature looks at operating reserve as deployable power (in

megawatts). The proposed envelopes approach allows reassessment of operating reserve

requirements from an energy-centric (as in megawatt-hours) perspective, which is lacking

in the state of the art. Modeling the operating reserve and operating reserve requirements

via envelopes allows us to switch between the traditional power-centric perspective and the

proposed energy-centric perspective. One potential benefit of the energy-centric perspective

is the ability to seamlessly integrate energy-constrained resources in planning, as elaborated

in Chapter 3, as well as to facilitate planning for multi-carrier energy systems and energy

hubs [46, 47, 48, 49].

Moreover, scenario-based stochastic planning techniques suffer from the “curse of di-

mensionality,” which renders them intractable for realistic power system planning. On the

other hand, adequate scenario construction and reduction can be difficult to achieve and

add another layer of computational complexity to power system planning. In response to

this challenge, in Chapter 4, we propose probabilistic envelopes-based operations planning.

We propose the use of several probability-weighted envelopes that are easy to calculate from

net load empirical data. We show how probabilistic envelopes planning circumvents the

“curse of dimensionality,” thus making it a viable and computationally tractable alternative

to current stochastic planning approaches.

Last, the reviewed literature plans operating reserve in terms of average linear ramp-

ing requirements. The resources are modeled with maximum constant ramping, whereas

the reserve ramp requirements are calculated statistically, on average, from empirical net

load step changes. Chapter 5 proposes a complete restructuring of the current reserve

paradigm, by casting short-term operational planning as a dynamical problem. The pro-

posed envelopes framework is recast such that capacity and ramping are linked dynamically

via differential algebraic equations. This leads to generalizing power system flexibility to
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higher-order dynamics, which allows for a more accurate representation of flexibility re-

sources and requirements.

1.8 Proposing the Flexibility Envelopes Concept

The object of this dissertation is the presentation of a systematic framework and method-

ology to describe the behavior of power system resources’ flexibility as needed by unit

commitment and economic dispatch tools. Here, we define the flexibility of a power system

resource as the power capacity this resource could potentially deploy in τ units of time

later, as seen at time t [3]. It is better characterized by limit behavior as time progresses,

which corresponds to a flexibility envelope or cone. Therefore, to ensure adequate system

flexibility, the flexibility cone for the entire power system must enclose, reasonably well,

the corresponding cone of flexibility needs arising from RES integration.

Via the flexibility envelope concept, we provide a new basis for the development of

power system operation tools which could be used to (i) assess and visualize the probable

range of RES excursions in terms of time (i.e. the flexibility requirement envelope), (ii) do

the same for power system resources (i.e. the flexibility envelope) and to (iii) optimally

match power system resources as countermeasures to RES variability and uncertainty. For

instance, the work presented in [50], describing how the “flying-brick” concept integrates

within an Energy Management System (EMS), could be redone in the same context using

flexibility envelopes.

The developments, here, are carried out taking a North American power system op-

eration planning approach, where an Independent System Operator (ISO) is in charge of

operations planning. Nonetheless, the concept of flexibility envelopes could still be used in

electricity systems where bilateral transactions and energy-only market-clearing are used

to carry out short-term generation planning, as in most European countries. Envelopes

could be useful primarily for transmission system operators and flexibility resource own-

ers in preparation for the balancing mechanism. Flexibility requirement envelopes could

be used by the TSO to determine how much flexibility resources need to be procured to

run the balancing mechanism reliably and economically. Moreover, in the case of flexibil-

ity resource owners, they could calculate their own flexibility envelopes while trading off

gate-closure market positions for wider or smaller ranges of flexibility to be offered in the

balancing mechanism with the objective of profit maximization. Lastly, the concepts here
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are also compatible with the needs of vertically-integrated utilities who have a mandate to

integrate significant amounts of non-dispatchable renewable generation.

1.9 Dissertation Outline

Chapter 2: Traditional Planning with Flexibility Envelopes

In this chapter, the flexibility envelopes framework is formulated. First, the flexibility

requirement envelope is modeled, to capture the intra-hourly variability and uncertainty

arising in the net load. Second, the flexibility envelope of a single resource is modeled, to

capture the intra-hourly capacity and ramping capability of the resource. Third, planning

with flexibility envelopes is formulated as a linear program (LP), in the context of receding-

horizon economic dispatch. The envelope-based economic dispatch is then compared to the

traditional myopic economic dispatch and economic dispatch with short-term operating

(spinning) reserve constraints. The comparison is carried out on an illustrative power

system, using expected energy not served (EENS) and expected energy curtailed (EEC)

metrics for benchmarking the performance of the three economic dispatch strategies. The

formulation of the envelope-based planning is seen as an extension of the myopic economic

dispatch LP formulation and can be seamlessly integrated with traditional planning tools.

Chapter 3: Energy-Centric Planning with Flexibility Envelopes

In this chapter, the flexibility envelope framework, presented in Chapter 2, is recast from

an energy-centric perspective. First, the flexibility requirement envelope is remodeled, to

capture the intra-hourly variability and uncertainty in the net load’s energy random process.

Second, the flexible energy envelope of a single resource is remodeled, to capture the intra-

hourly flexible energy available from the resource. Third, planning with energy envelopes

is formulated as a mixed integer linear program (MILP), in the context of receding horizon

economic dispatch. An illustrative power system, containing energy storage as a flexibility

resource, is used to illustrate the advantage of energy-centric planning with envelopes.

The re-formulation of the flexibility envelope framework remains linear and can also be

seamlessly integrated with traditional planning tools.
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Chapter 4: Probabilistic Planning with Flexibility Envelopes

In this chapter, we extend the work of Chapter 2 to probabilistic planning, as an alternative

to stochastic optimization. Whereas the approach in Chapter 2 planned deterministically

against the worst-case scenario (i.e. the flexibility requirement envelope), by ignoring the

probability distribution of the net load uncertainty, this chapter takes into account these

probabilities by planning with respect to several flexibility requirement envelopes enclos-

ing one another, each weighted by the percentile of scenarios it encloses. The advantage

of such approach is circumventing the curse of dimensionality associated with stochastic

optimization, as well as circumventing the complexity of constructing scenario trees and

performing appropriate scenario reduction.

Chapter 5: Dynamical Planning with Flexibility Envelopes

In this chapter, the flexibility envelope framework, presented in Chapter 2, is completely

reconstructed from a trajectory tracking perspective. First, the flexibility envelope of a sin-

gle resource is modeled dynamically, to capture the higher-order dynamics of the resource.

Second, the flexibility requirement envelope is modeled dynamically, as well, exhibiting

higher-order derivatives, to capture the state-space characteristics of the net load’s vari-

ability and uncertainty. Third, planning with dynamical flexibility envelopes is formulated

as a min-max tracking problem to ensure higher-order flexibility adequacy. An example is

formulated as a mixed integer linear program (MILP) in the context of unit commitment.

The formulation of dynamical planning with envelopes remains linear, as well, allowing it

to be seamlessly integrated with traditional planning tools.

Chapter 6: Conclusion and Future Research

In this chapter, concluding remarks are made on the flexibility envelopes framework and

how it fits in the bigger picture of current and future power system planning. Furthermore,

we discuss several research directions that extend the work presented in this dissertation.

1.10 Claim Of Originality

This dissertation makes several conceptual and methodological contributions to accommo-

dating high RES levels in power system operation and planning applications. In regards
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to conceptualization, the dissertation presents a new paradigm for defining the operating

reserve which is central to short-term operational planning:

1. It argues in favor of replacing traditional reserve types with a spectrum of reserve

requirements, in line with the spectral analysis of the net load random process span-

ning multiple timescales. Traditional reserve types, mentioned earlier, permeate the

state of the art on power system planning and do not necessarily capture the full

intra-hourly characteristics of the net load’s variability and uncertainty. In contrast,

a spectrum of reserve requirements, in the form of an envelope, captures such char-

acteristics precisely.

2. It redefines operating reserve in terms of energy-based reserve requirements, rather

than the current power-based reserve requirements. This newly proposed energy-

centric perspective on operating reserve is suitable for today’s emerging sustainable

power systems that integrate energy-constrained flexibility resources, such as energy

storage and demand response.

3. It generalizes to the concept of dynamical operating reserve exhibiting higher-order

dynamics. This is a radical but necessary departure from the current operating reserve

practices which define capacity and average linear ramping requirements. The newly

proposed dynamical operating reserve paradigm is considered to be at the frontier of

the aforementioned state of the art, as of the date of this dissertation.

On the other hand, the methodological contributions of this dissertation can be summarized

as following:

1. Short-term planning with flexibility envelopes is formulated as linear and mixed inte-

ger linear programs. In these formulations, the dispatched/scheduled output levels of

resources are prepositioned such that the aggregate flexibility envelope of resources

encloses the flexibility requirement envelope, to ensure adequate system flexibility

going forward.

2. In the case of the energy-centric approach, the dispatched/scheduled state of charge of

energy-constrained devices are prepositioned, such that the aggregate flexible energy

envelope of all resources encloses the flexible energy requirement envelope, to ensure

adequate system flexibility moving forward. Here, the formulation remains a mixed

integer linear program, as well.
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3. Probabilistic planning with flexibility envelopes is proposed as a viable alternative to

pure scenario-based stochastic optimization for operations planning. Here, the aggre-

gate flexibility envelope of resources must enclose, probabilistically, several flexibility

requirement envelopes that cover different percentiles of the probability distribution

of the net load uncertainty. The advantage of this approach is reducing operational

costs arising from costly scenarios that have low probabilities of occurrence.

4. Dynamical planning with flexibility envelopes is cast as a min-max tracking prob-

lem. The dispatched/scheduled output levels of resources are prepositioned such that

the can collectively track the maximum deviation in the net load random process,

which happens to be its dynamical flexibility requirement envelope. The formulation

remains a mixed integer linear program, as well. Dynamical short-term operational

planning is considered a challenging problem that has never been formally tackled in

the literature or in practice.

Moreover, we re-emphasize that the industry favors mixed integer linear programs to carry

out power system planning. This dissertation adheres to this practice, when formulating

power system planning with flexibility envelopes.
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Chapter 2

Traditional Planning with Flexibility

Envelopes

Modern power systems are undergoing a transitional phase, increasingly incorporating re-

newable energy sources (RES) to harness their economic and environmental benefits. The

main challenge with this transitional phase is the management of the increased variabil-

ity and uncertainty in the power balance. Legacy operation and planning practices are

gradually seen as becoming inadequate or ill-adapted in addressing this challenge. One

particular gap in the state of the art, which is of a great importance, is estimating the

operational flexibility potential of individual power system assets and their aggregation at

the system level. System operators need to evaluate and plan ahead flexibility adequacy

for their power systems in order to ensure feasible and economical operation under high

RES penetration. Likewise, asset owners need to integrate the notion of asset flexibility

as part of their investment and operations decisions. To this end, we propose the concept

of the flexibility envelope to describe the flexibility potential dynamics of a power system

and its individual resources in the operational planning time frame. We demonstrate that

the resulting envelope dynamics can be a starting point for flexibility adequacy planning

in systems with highly variable generation.
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2.1 Quantifying Operational Flexibility Requirements

2.1.1 The Periodogram of Flexibility Requirements

Statistically, several studies [26, 51, 52] have shown that wind (and solar) generation out-

put variations exhibit a considerable range of ramping characteristics as reflected by the

frequency content of its power spectral density. Fig. 2.1 shows a schematic representation

of the periodogram (a statistical estimate of the power spectral density) of wind generation

output variations. There are three distinguishable parts in the periodogram [26, 3]. Part

I essentially indicates that over long enough time spans (i.e. low frequencies), the wind

generation output will vary on average between zero and full capacity (1.0 per unit). Part

II exhibits a linear profile in log-log scale, which is known as the Kolmogorov spectrum

[26]. The wind generation output variations roll off exponentially as f−5/3, indicating that

variations in the output decrease as timescales become shorter. Part III is flat at nearly

zero magnitude, indicating that at high frequencies (i.e. very short time intervals), the

output variations are essentially filtered out by the mechanical and electrical inertias of

wind turbines.
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Fig. 2.1 Schematic representation of the periodogram of wind generation
output variability on a log-log scale [3]. Note: 10−5Hz ≈ 24 hours and
10−4Hz ≈ 1 hour.

There are two main conclusions to take from this analysis: First, managing variability

and uncertainty arising from RES integration requires a pool of resources with diversified

flexibility characteristics to provide a matching spectrum of reserve dynamics [26, 3]. Sec-
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ond, it is not unlikely that the RES output can vary significantly within one hour. Given

this empirical information, one can argue that there is inherently some value in exploiting

the fact that RES output variations are well bounded within an hourly time frame.

Moreover, the state of the art literature, reviewed in Chapter 1, does not fully capture

the variability and uncertainty characteristics of the net load for all timescales, as entailed

by the frequency content of the periodogram. On the other hand, the proposed flexibility

requirement envelope is capable of capturing such characteristics. Essentially, the flexibility

requirement envelope is a transformation of the periodogram into the time domain, in the

form of an envelope, whereby the envelope’s height and slope bound the variability and

uncertainty characteristics.

2.1.2 The Flexibility Requirement Envelope

The concept of an envelope implements the empirical findings illustrated above, by quan-

tifying intra-hourly reserve capacity and ramp-ability requirements for a one hour period.

Typically, the net load (i.e. load less RES output) forecast is held constant during each

hourly planning period h, whereas the actual net load deviates from this forecast in real

time 1. These intra-hourly deviations during the hth hour, ∆P (τ), are modeled here as step

changes, with respect to the constant net load forecast, taken over a range of sub-hourly

time durations τ ∈ [0, 60] minutes:

∆P (τ ;h) = `(h+ τ)− `(h) (2.1)

where `(h) represents the net load forecast for hour h and `(h+ τ) is the realization of the

net load within hour h, measured τ minutes later.

A probability distribution of ∆P (τ) can be computed empirically for every τ , by con-

structing a relative frequency plot. This yields a stationary probability distribution that is

a function of the variability calculation interval τ only, regardless of the hour h. Finally,

plotting a certain percentile (e.g. the 95th percentile) of the probability distribution for

all τ yields an envelope that encompasses the vast majority of plausible realizations of re-

serve capacity requirements, whereas the slope of the envelope implicitly encompasses the

1Some systems consider the end of hour ramps to the next hour. Here, however, we assume an infinite
ramp (slope) between the hourly net-load forecast step changes, while the actual inter-hourly ramp is
handled by the flexibility requirement envelope.
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majority of plausible realizations of reserve ramping requirement.

It must be noted that we take a parametric approach in this dissertation to quantifying

the flexibility requirement envelope. Other work, for example [23], argue in favor of the non-

parametric approach, based on an empirical study of the poor goodness-of-fit performance

of various parametric distributions. It is beyond the scope of this dissertation to assess the

relative merits of each approach. The ultimate goal here is to have an adequate statistical

representation of the behavior of the envelope.

Since ∆P (τ) is assumed to be stationary random process (i.e. dependent on τ only),

the per unit envelope is time-invariant and is, therefore, valid for all times and for all net

load output levels. An implication of time-invariance is forward compatibility, as shown in

Fig. 2.2, which means a sample realization cannot break the bounds of successive envelopes

drawn at any time instant τ . Therefore, enclosing the flexibility requirement envelope

by the aggregate envelope of flexibility resources needs only be done at the beginning

of the hth hour, to ensure adequate flexibility planning for the remainder of the same

hour. However, in real-time operations (e.g. economic dispatch), the envelope must be

optimized repeatedly, while the net load random process is being realized, because merit-

order dispatch is in direct conflict with flexibility planning—it seeks to minimize dispatch

costs, which may come at the expense of undermining future flexibility.

Time

sample path

Power

hth hour
τ

envelope at τenvelope at τ = 0

τ = 0

invalid

valid

Fig. 2.2 Schematic illustration of RES output consistency with its envelope

On the other hand, it is possible for some renewable energy sources, such as solar power,
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the statistics of the output are dependent on time of day. In such case, the flexibility

requirement envelope must be designed separately for each hour of the day, to avoid overly

conservative flexibility planning when not needed; such as during night time when solar

output variability and uncertainty are at minimum. This is a matter which lies outside of

the scope of this dissertation, however.

Example: Wind Power Variability

It has been shown in [51, 53] that the wind generation variability random process is

well fitted by a Laplace distribution. Fig. 2.3 plots the fitted Laplace distribution for

the wind generation data from the Bonneville Power Authority (BPA) found in [51] for

τ ∈ {5, 10, 30, 45, 60} minutes. The flexibility requirement envelope can be constructed by

computing the interval,
[
−δ−90%(τ), δ+

90%(τ)
]
, that encloses 90% of the probability using the

Laplace probability density function. Fig. 2.3 shows the shape of the envelope for the wind

generation data.
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Fig. 2.3 The flexibility requirement envelope arising from fitting the Laplace
distribution to step changes of wind generation output as a function of τ

The choice of the percentage—90%—enclosed within the envelope is arbitrary, here. In

reality, the system operator must decide what percentage of probability to enclose within

the envelope, based on further planning studies. On the other hand, the optimization

mechanism presented later in this chapter allows for the envelope to be relaxed, to weigh
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the relative benefits of securing future flexibility needs at the expense of deploying much

needed flexibility at the present time. Furthermore, Chapter 4 proposes a probabilistic

envelopes planning approach that alleviates this issue.

2.2 Quantifying Flexibility of Power System Resources

We formulate next the dynamics of the flexibility envelope for a generic power system

resource analogous to the flexibility requirement envelope. The flexibility envelope may also

model an aggregation of resources such as a collection of smaller individual resources. The

model abstracts from technology-specific details by describing the power output dynamics

only in term of capacity and ramp-ability. However, complexities may arise primarily

because the internal dynamics and constraints of the flexibility resource are nontrivial and

time-dependent. Equally important, the flexibility envelope conveys the strong coupling of

energy delivery and primary, secondary, and tertiary reserves.

2.2.1 Modeling Flexibility Potential Dynamics

To begin with, we distinguish between flexibility potential dynamics and flexibility envelope

dynamics. Working in discrete-time where τ = mT for m = 0, 1, . . . ,M such that MT = 60

minutes, r↑(m;h) and r↓(m;h) describe, respectively, the upward and downward flexibility

potential dynamics of a single resource evaluated at the hth hour for delivery n intra-hourly

time steps in the future. Both are quantified by the difference between the scheduled power

trajectory g(h) and a feasible upward x↑(m;h) or downward, x↓(m;h), deviation from the

scheduled power trajectory—see Fig. 2.4. Therefore, the two coupled equations describing

the flexibility potential dynamics of a single resource are:

r↑(m;h) = x↑(m;h)− g(h) (2.2)

r↓(m;h) = g(h)− x↓(m;h) (2.3)

where x↑(0;h) = x↓(0;h) = g(h) for all h.

Here, the scheduled output g(h) is assumed to remain constant during each hour. A

planned deviation from the constant level, to be distinguished from failures, is a realization

of flexibility deployment via ED decisions and/or ancillary service deployment in real-time

operation. More importantly, assuming that g(h) stays constant during each hourly period



2 Traditional Planning with Flexibility Envelopes 28

m = 0 m
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g(h)
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Fig. 2.4 Schematic illustration of the concept of a flexibility dynamics for a
scheduled flexibility resource.

yields a time-invariant flexibility envelope, since the same maximum upward and downward

deviations can be reproduced at any successive intra-hourly time step, m. This way, the

flexibility model of resources is mathematically compatible with the flexibility requirement

envelope model.

2.2.2 The Flexibility Envelope of Power System Resources

The flexibility envelope of a power system resource (r̂↑, r̂↓) can be estimated recursively

from the flexibility potential dynamics by maximizing the deviations (x↑, x↓) at each sub-

hourly time step m

r̂↑(m;h) = r̂↑(m− 1;h) + max{x↑(m;h) :x↑(m;h) ∈ X ↑(m;h)} − g(h) (2.4)

r̂↓(m;h) = g(h)− r̂↑(m− 1;h)−max{x↓(m;h) :x↓(m;h) ∈ X ↓(m;h)} (2.5)

where the sets X ↑(m;h) and X ↓(m;h) represent the dynamical limitations of the power

system resource in hour h and intra-hour time step m.

For simplicity, if we consider linear time-invariant (LTI) power system resources only, we

can identify four characteristics (constraints) describing the intra-hourly flexibility envelope

dynamics, as illustrated in Fig. 2.5. These are m-step delays, (2.6) and (2.7), capacity, (2.8)

and (2.9), ramping, (2.10) and (2.11), and energy storage constraints, (2.12) and (2.13),
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which apply for all k and m

x↑(m;h) = g(h); 0 ≤ m ≤ d (2.6)

x↓(m;h) = g(h); 0 ≤ m ≤ d (2.7)

g(h) ≤ x↑(m;h) ≤ Pmax (2.8)

Pmin ≤ x↓(m;h) ≤ g(h) (2.9)

0 ≤ x↑(m+ 1;h)− x↑(m;h) ≤ R↑ (2.10)

−R↓ ≤ x↓(m+ 1, h)− x↓(m;h) ≤ 0 (2.11)

E(0;h)− T
m∑
j=0

x↑(j;h) ≥ Emin (2.12)

E(0;h) + T
m∑
j=0

x↓(j;h) ≤ Emax (2.13)

where d ≥ 0 is some response delay, Pmax and Pmin are respectively the maximum and

minimum power levels of the resource, R↑ and R↓ are respectively its up and down ramp

limits, Emax and Emin are the maximum and minimum energy storage levels of the resource

while E(0;h) is the initial energy stored in the resource at the beginning of hour h.

2.3 Example: Traditional Planning with Flexibility Envelopes

This simplified example illustrates the advantage of flexibility planning with economic

dispatch in a rolling-horizon scheme. At every time step, the decision maker solves the

conventional economic dispatch problem, while also ensuring that the projected aggregate

flexibility envelope of committed resources encloses the projected flexibility requirement

envelope, moving forward. The process is repeated at every economic dispatch time step,

yielding a receding-horizon scheme. We shall call this the flexibility envelope receding-

horizon economic dispatch (FE-RHED). This approach will be compared to the myopic

economic dispatch (M-ED) and the economic dispatch with a spinning reserve requirement
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Fig. 2.5 Illustrative example of a generic upward flexibility envelope.

(SR-ED). The M-ED approach solves the conventional economic dispatch problem without

considering spinning reserve or any flexibility requirement envelope. The SR-ED approach

solves the conventional economic dispatch problem, while ensuring sufficient spinning re-

serve is available for the next 10 minutes.

Let there be Ig flexibility resources with generation levels {gi}i∈Ig , maximum linear

ramping rates {Ri}i∈Ig , and distinct incremental costs {bi}i∈Ig . Let there be two slack

resources capable of providing an infinite amount of flexibility, in both capacity and ramp-

ing. One slack, S↑, provides upward flexibility when there is generation deficiency. The

other slack, S↓, provides downward flexibility when there is generation excess. The slack

resources are priced at a much higher cost than the Ig resources and should be used as a

last resort, when the economic dispatch problem is not feasible.

The long-term averages on the use of S↑ and S↓ are seen as estimates for the expected

energy not served (EENS) and the expected energy curtailed (EEC), respectively. They

will be used as metrics to assess the relative advantage of the FE-RHED approach against

the SR-ED and M-ED approaches.

2.3.1 Mathematical Program

Fig. 2.6 illustrates the FE-RHED approach schematically. There are K economic dispatch

time steps within a single unit commitment hour h, of length T = 60/K minutes (i.e. T

is the sampling period). For each dispatch, {gi}i∈Ig , of the Ig flexibility resources, the
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individual and aggregate flexibility envelopes can be computed over a planning horizon of

length M future time steps, such that the planning horizon τ = mT and m = 1, . . . ,M .

The problem, hence, is to choose the cost-minimizing dispatch at the current time h + k

that will meet the current net load forecast, `(h+k), while ensuring the aggregate flexibility

envelope encloses the flexibility requirement envelope over the horizon h + k + m, where

m varies from 1 to M . Here, we assume that the envelope’s horizon is discretized with

the interval T as well. This is repeated at every economic dispatch time step h+ k, where

k varies from 0 to K. The following linear program describes this procedure for a single

economic dispatch time step at h + k, given the previous optimal dispatch at h + k − 1

and the projected envelope over the horizon h + k + m for m = 1, . . . ,M . For the sake of

brevity next, h+ k is replaced with k, since h is held constant as k varies, while h+ k+m

is replaced with m, since k + h is held constant as m varies. The following linear program

describes this procedure for a single economic dispatch time step k+ n, given the previous

optimal dispatch at k + n − 1 and the projected envelope over the horizon k + n + m for

m = 1, . . . ,M :

h+ k − 1 h+ k

hth hour
m

`(h+ k)

h+ k +M

`(h+ k − 1)

T

Fig. 2.6 Schematic representation of FE-RHED.

min
∑
i∈Ig

bigi(k) + cS
[
S↑(k)− S↓(k)

]
+

M∑
m=1

γ(m)cS

[
e↑S(m)− e↓S(m)

]
(2.14)
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this is subject to

Dispatch constraints at k∑
i∈Ig

gi(k) + S↑(k) + S↓(k) = `(k) (2.15)

gmin
i ≤ gi(k) ≤ gmax

i ; i ∈ Ig (2.16)

−Ri ≤ gi(k)− gi(k − 1) ≤ Ri; i ∈ Ig (2.17)

S↑(k) ≥ 0 (2.18)

S↓(k) ≤ 0 (2.19)

Resource Flexibility Envelopes for m = 1, . . . ,M and i ∈ Ig

gmin
i ≤ x↓i (m) ≤ gi(k) (2.20)

gi(k) ≤ x↑i (m) ≤ gmax
i (2.21)

−m ·Ri ≤ x↓i (m)− gi(k) ≤ 0 (2.22)

0 ≤ x↑i (m)− gi(k) ≤ m ·Ri (2.23)

Envelopes Matching for m = 1, . . . ,M∑
i∈Ig

(
x↑i (m)− gi(k)

)
+ e↑S(m) ≥ min

(
`max − `(k),

√
mλ
)

(2.24)

∑
i∈Ig

(
gi(k)− x↓i (m)

)
− e↓S(m) ≥ min

(
`(k)− `min,

√
mλ
)

(2.25)

e↑S(m) ≥ 0 (2.26)

e↓S(m) ≤ 0 (2.27)

There are three distinct sets of constraints in the above problem. Constraints (2.15)–

(2.19) ensure the combined resources balance the net load at time step h+k, while respecting

the capacity ramping limitation of resources as they ramp from their previous dispatch at

h+ k − 1. Constraints (2.20)–(2.23) bound the flexibility envelope of each resource i ∈ Ig
at time steps h+ k +m, where m varies from 1 to M , again while respecting the capacity

and ramping limitations of the resources. Constraints (2.24)–(2.27) ensure the aggregate

flexibility envelope encloses the flexibility requirement envelope at time-steps h+k+m. The
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evolution of the upper and lower half-envelopes of flexibility requirement over the receding

horizon are described in the right-hand sides of (2.24) and (2.25), respectively. Here the

half envelopes grow at the rate of λ MW/T and saturate once the maximum and minimum

possible net load are reached.

We emphasize here that the problem (2.14)–(2.27) is solving the economic dispatch at

time h+k projecting the potential evolution of the net load up to M sub-hourly time steps

ahead. Therefore, envelopes are always calculated based on the current state of the system

when the economic dispatch is computed. So, if in between the current dispatch time and

the previous sub-hourly dispatch step flexibility has been used, the envelopes of resources

which have deployed flexibility are updated based on their current operating point.

The primary objective (2.14) is to minimize the cost of dispatch associated with the cur-

rent dispatch time step h+ k, while enforcing the aforementioned three sets of constraints.

Ideally, the Ig resources should have enough flexibility to ramp from the previous time step

h+ k − 1, while ensuring there is still enough flexibility to enclose the projected flexibility

requirement envelope, moving forward. However, due to poor planning in the past or a lack

of sufficient flexibility, the Ig resources may not be able to collectively position themselves

at time step h + k to balance the current net load or to ensure proper enclosure of the

projected flexibility requirement envelope. Consequently, the decision maker may have to

deploy slack resources [in the form of load shedding (S↑) and generation curtailment (S↓)]

to avert dispatch infeasibility.

Deploying slack resources is undesirable and thus is priced much higher than the other

resources. They are to be used as a last resort when the problem becomes infeasible. On

the other hand, feasibility at h+ k can be improved by relaxing the flexibility requirement

envelope; this is done via the slack variables, e↑S and e↓S, in (2.24)–(2.27). Relaxing future

flexibility requirement comes at a cost, since it may lead to poor prepositioning of the

Ig resources at the current time, which, in turn, may affect future flexibility availability.

Therefore, the cost of envelope relaxation is reflected in the third term of (2.14). The

cost could also be discounted at a rate of γ(m) to reflect that near-term flexibility is more

valuable than long-term flexibility. A reliability criterion [17] or a cost/benefit analysis [54]

can also be used to limit the use of the slack resources.

Thus, the problem in (2.14)–(2.27) becomes that of balancing the current flexibility

requirement (i.e. the ability to ramp from the previous dispatch time step to a feasible

positioning at the current time step) with future flexibility requirements (i.e. enclosing the
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projected flexibility requirement envelope), while balancing the system’s current net load.

The trade-off depends on how the Ig resources, the slack resources and the envelope’s slack

variables are priced relative to one another in (2.14).

Last, the mathematical program presented here precludes modeling of energy-constrained

devices and assumes all resources are conventional thermal generation units. Chapter 3 fo-

cuses specifically on energy-constrained planning with envelopes.

2.3.2 Problem Setup

A toy system consisting of five flexibility resources will be used to simulate the dispatch

operations of a single hour, with the objective of showing that the FE-RHED approach leads

to less load shedding and less generation spillage than the M-ED and SR-ED approaches.

Time Resolution: The hour is discretized into K = 12 time steps of length T = 5 minutes.

This means dispatch decisions are obtained every 5 minutes, and the net load varies ran-

domly every 5 minutes as well. The projected envelopes are discretized at 5-minutes for

M = 12, meaning that at each economic dispatch step we are projecting one hour into the

future.

Net Load Model : The forecast assumes the load is constant at 50 MW throughout the

hour. The RES output varies randomly according to a Laplace distribution characterized

by β = 10 MW/5 minutes. There is 40 MW of RES capacity, and the RES maximum

5-minute step change is λ = 1.63 ·
√

2 · 10 = 23.05 MW/5 minutes. This corresponds

to the 95th percentile of the Laplace distribution. Therefore, the net load `(h + k) can

vary between 10 MW and 50 MW, and the 5-minute step changes in the RES realizations

are bounded between 0 and λ. The RES forecast for the hour is 20 MW, meaning that

`(h+ k) = 30 MW for k = 0—see, for example, Fig. 2.7.

Flexibility Resources : There are five identical flexibility resources which are given fixed

incremental costs. There are two slack resources priced at a much higher cost than the

other five resources. Table 2.1 shows the capacity, ramping, and cost characteristics of

flexibility resources, slack resources and envelopes’ slack variables. The combined ramping

of flexibility resource is two thirds of λ computed above, to simulate flexibility scarcity.

Dispatch Policies : The linear program described in (2.14)–(2.27) is used to simulate the

FE-RHED, M-ED, and SR-ED approaches for K = 12 time steps. In the case of FE-RHED,

the horizon is set to one hour, M = 12. In the case of M-ED, the horizon length is set
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Fig. 2.7 Single realization of net load random process with caps on RES
capacity and ramping rate.

Table 2.1 Resources’ Capacity, Ramping, and Cost Characteristics

gmax (MW) gmin (MW) R (MW/5 min) b ($/MWh)

1 10 2 3.07 20
2 10 2 3.07 40
3 10 2 3.07 60
4 10 2 3.07 80
5 10 2 3.07 100
S↑ ∞ 0 ∞ 1000
S↓ 0 −∞ ∞ 1000

e↑S ∞ 0 ∞ 1000

e↓S 0 −∞ ∞ 1000
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to zero, such that there is no reserve planning looking forward. In the case of SR-ED, the

horizon length is set to 10 minutes with a 10 minute discretization, such that there is only

one step looking forward to plan the 10-minute reserve as per NERC’s requirement. For

all policies, the discount factor γ(m) in (2.14) is set to one.

Performance Metrics : To assess the quality of the dispatch decisions made through the

various policies, we calculate the energy served for each realization j (ESi,j) and the ex-

pected energy served (EESi) by each resource i. In addition, we compute the energy not

served (ENSj) and the energy curtailed (ECj) for each realization j, from which we obtain

the expected energy not served (EENS) and the expected energy curtailed (EEC) for all J

realizations of the net load random process.

ESi,j = T
K∑
k=1

gi,j(k); i = 1, . . . , I; j = 1, . . . , J (2.28)

EESi,J =
1

J

J∑
j=1

ESi,j; i = 1, . . . , I (2.29)

ENSj = T
K∑
k=1

S↑j (k); j = 1, . . . , J (2.30)

EENSJ =
1

J

J∑
j=1

ENSj (2.31)

ECj = T
K∑
k=1

−S↓j (k); j = 1, . . . , J (2.32)

EECJ =
1

J

J∑
j=1

ECj (2.33)

where gi,j(k), S↑i,j(k) and S↓i,j(k) correspond to the realizations of the economic dispatch

decisions at time step k for random net load realizations j = 1, . . . , J .

Because of the power balance imposed by (2.15), the sum of the expected values (2.29)–

(2.33) should converge to the expected net load energy (ENLE) requirement

ENLEJ =
T

J

J∑
j=1

K∑
k=1

`j(k) (2.34)
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which should be 30 MWh given the forecasts for the load (50 MW) and the variable

generation (20 MW). To assess convergence of the dispatch simulations, we calculate the

incremental change in ENLEJ and ensure that it is less than the desired accuracy (ε = 0.01

MWh here)

|ENLEJ − ENLEJ−1| < ε. (2.35)

Hence, once we have simulated J realizations of the net load random process and that it

affects the value of ENLEJ by less than ε = 0.01 MWh, we stop.

2.3.3 Results and Discussion

Table 2.2 displays the EES values for each of the flexibility resources for the hour of op-

eration and for each economic dispatch approach. Table 2.3 shows the EENS, EEC, and

ENLE values for each economic dispatch approach as well. The percentage changes are

taken with respect to the M-ED approach. By inspection of the tables, we can see how

imposing a spinning reserve requirement in SR-ED shifts part of the dispatch from cheaper

resources to the more expensive ones. Imposing the envelope in FE-RHED further shifts

the dispatch from cheaper resources to the more expensive ones. Out-of-merit dispatch

operation leads to an increase in cost as shown in Table 2.2, but leads to a decrease in

load shedding (EENS) and RES curtailment (EEC), as seen in Table 2.3. Although there

has been an increase in the dispatch cost, we see that the overall system cost (accounting

for dispatch, load shedding and generation curtailment) has dropped in a non-negligible

fashion with both SR-ED and FE-RHED.

By inspection of Fig. 2.8, we can see how the spinning reserve requirement attempts to

tighten the distribution of EC and ENS in comparison to the M-ED (middle plot), whereas

the envelope requirement further tightens the distribution in comparison to SR-ED (bottom

plot). The tightness of the histogram, implies how well each economic dispatch approach is

capable of mitigating system imbalances and thus maintaining power balance as dispatch

operations move forward in time.

Hence, there are advantages in properly capturing the underlying system net load

variability envelope through its systematic encapsulation. The first main advantage lies

with the reductions in the expected values of ENS, EC and their corresponding variances.

Secondly, we have to emphasize that this has been achieved at the price of very little

computational cost increases, in comparison to a dispatch problem formulation based on
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multi-scenario stochastic optimization.

Table 2.2 Expected Energy Served (EES) by Resources (MWh)

M-ED SR-ED FE-RHED

(benchmark) Change Change

1 8.26 6.97 –15.6% 6.49 –21.4%
2 7.37 6.56 –11.0% 6.26 –15.1%
3 5.99 6.00 0.3% 6.01 0.4%
4 4.61 5.45 18.2% 5.75 24.8%
5 3.79 5.04 33.1% 5.52 45.8%

Expected
Dispatch 1567 1702 +8.6% 1753 +11.9%
Cost ($)

Table 2.3 Expected Energy Not Served (EENS), Expected Energy Cur-
tailed (EEC), Expected Net-Load Energy (ENLE) and Total Expected Cost
Implications

M-ED SR-ED FE-RHED

(benchmark) Change Change

EENS (MWh) 0.73 0.37 –48.5% 0.29 –61.0%
EEC (MWh) 0.74 0.39 –47.2% 0.31 –58.6%

ENLE (MWh) 30.01 30.01 – 30.01 –

Expected
Total 3037 2462 –18.9% 2353 –22.5%

Cost ($)

2.4 Comparison to Stochastic Planning

Scenario-based stochastic planning has been proposed widely as a methodology to address

the variability and the uncertainty of RES as part of short-term power system planning,

especially for unit commitment; see, for example, [9, 10]. The advantages of stochastic
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planning in this respect are many. First, it serves to determine here-and-now generation

planning decisions while having foresight of how the system net load may evolve. Typically,

this is done with the help of scenario tree. Moreover, stochastic planning approaches may

not fully hedged against some extreme low-probability high-consequence events [3]. Lastly,

transmission constraints can be handled without much difficulty in stochastic planning

approaches [55, 56].

On the other hand, stochastic planning has significant challenges in performing gen-

eration scheduling under uncertain and variable RES. Its first challenge pertains to the

construction of adequate scenario trees to represent credibly the possible time evolution

of the net load [10, 57]. In order to obtain accurate representations, one has to have a

large number of scenarios which, in turn, increases the size of the problems to solve. This

is compounded with the fact one needs to define variables and constraints for each possi-

ble realization of the scenario tree. Therefore, stochastic planning formulations are yet to

emerge as viable practical industry solutions.

The approach we propose based on flexibility envelopes circumvents those dimensional

hurdles by ignoring the different likelihood of specific net load trajectories enclosed within

the flexibility requirement envelope. All possible net load trajectories enclosed by the

envelope are treated equally, and only those at the boundary matter to the generation

planner. Moreover, it is much simpler to obtain flexibility requirement envelopes than to

build good scenario trees because all that is needed to determine a flexibility requirement

envelope is historical/forecast error information. At the same time envelope-based planning

is much less computationally intensive than stochastic planning because it is not necessary

to carry variables and constraints which apply to all net load scenarios contained within

the envelope. We believe that the current approach can be readily adapted to include

transmission limits. This, however, remains out of the scope of the dissertation.

2.5 Summary

Power system flexibility is an emerging concept there to complement traditional capacity

adequacy planning in modern power systems. Flexibility adequacy emphasizes on timely

delivery of reserve capacity as much as it emphasizes on the capacity itself. However, cur-

rent operational and planning practices do not address satisfactorily flexibility requirement

and typically assume sufficient ramp-ability of allocated reserve capacity. This can have
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great impact on short- and long-term operations planning when significant amounts of non-

dispatchable generation is present. In this dissertation, we emphasize the need to model the

intra-hourly flexibility potential dynamics of power system resources through the notion of

flexibility envelopes. We presented a case study illustrating the value of the flexibility en-

velope concept in the context of a receding horizon economic dispatch with highly-variable

generation. The dispatch approach based on flexibility envelopes, as expected, can decrease

energy not served and energy curtailed in comparison to more traditional approaches. Its

computational complexity is well under that of other approaches which consider an explicit

representation of generation variability and uncertainty (e.g. stochastic optimization, dy-

namic programming).
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Chapter 3

Energy-Centric Planning with

Flexibility Envelopes

Currently, power system operations planning practices are undergoing various transforma-

tions in an attempt to integrate efficiently significant amounts of sustainable low-carbon

power generation technologies. At the heart of this efficient integration lies the need to

plan for and exploit the available flexibility in power systems. Flexibility is a relatively

new concept addressing the issue of increased variability and uncertainty in power systems

admitting high penetration levels of renewable energy sources. To that end, we previously

introduced the concept of flexible power envelopes to capture flexibility requirements and

flexibility availability from power system resources in terms of time-constrained power de-

ployment. Here, we extend this concept to flexible energy envelopes, thus giving rise to

the notion of flexibility assessment in terms of time-constrained energy deployment. This

approach is more appropriate for considering flexibility resources like energy storage and de-

mand response. We demonstrate the advantages of planning with flexible energy envelopes

with a receding-horizon economic dispatch example integrating energy storage assets.

3.1 Introduction

The recently emerging concept of power system flexibility [5, 4] is an attempt at modernizing

the traditional operating reserve paradigm. The traditional reserve paradigm is mostly

concerned with capacity planning, while assuming ample ramping capability of resources.

At best, ramping is planned for the 10 (primary/secondary) and 60-minute (tertiary) reserve
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requirements. On the other hand, power system flexibility puts as much emphasis on

ramping as it does on capacity planning. It ensures the planned reserve capacity can be

deployed (i.e. ramped up or down) in due time, to provide frequency control and load

following as dictated by the capacity and ramping behavior of the net load, i.e., load less

non-dispatchable renewable energy sources (RES). Recently as well, there has been an

increasing interest in energy storage and energy-constrained demand response as flexibility

providers, thus adding a third equally-important dimension (i.e. energy) to the emerging

flexibility concept.

In Chapter 1, we reviewed the state of the art on operational flexibility, which focused

on assessing capacity and ramping capability of resources, while assuming no constraints

on energy. To summarize, quantifying flexibility requirements, in the form of flexible op-

erating reserve, has been addressed in recent literature on three main frontiers. First,

earlier literature emerged to quantify flexibility requirements with respect to the current

industry-based categorization of reserve types: primary/instantaneous, secondary/fast, and

tertiary/slow [35, 36, 13, 37]. The main emphasis was on optimizing flexibility requirements

statistically [14, 39], stochastically [9], reliability-wise [35, 40, 17, 41], and via cost/benefit

analysis [42, 27, 41]. Although these methods fell short of addressing the complete intra-

hourly spectrum of flexibility requirements, they still provided a valuable set of tools that

could be extended to the remaining intra-hourly durations. Second, more recent literature

addressed the full spectrum of intra-hourly flexibility requirements by statistical analysis

of step changes applied to the net load time series for a range of intra-hourly durations.

The more notable approaches, which also incorporated intra-hourly flexibility in schedul-

ing mechanisms, are the proposed flexibility envelope in Chapter 2, the flying brick in

[22], and the probability box in [55]. Third, stochastic-based methodologies, surveyed in

[9], managed operating reserve implicitly via the power balance imposed on the stochastic

scenarios. Stochastic-based approaches, however, suffer from the curse of dimensionality

rendering them computationally intractable even for tertiary reserve management.

For the most part, the state of the art catered to traditional power systems that are

dominated by thermal generation. In contrast, sustainable power systems are increasingly

admitting various energy-constrained flexible resources, to help mitigate the impact of

variability and uncertainty arising from higher penetration levels of RES. The two main

types are energy storage and demand response devices, which are capable of providing ample

ramping (i.e. quasi-instantaneous on/off switching) but limited energy capacity. Thus, we
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argue here that it is also beneficial to address the concept of power system flexibility from

an energy-centric perspective, to explicitly manage energy deployment of these types of

resources. To this end, we extend model in Chapter 2 to managing energy flexibility in lieu

of power flexibility.

In Chapter 2, we proposed the concept of flexibility requirement envelopes to capture

the capacity and ramping requirements over some operational time, as dictated by net load

variability and uncertainty. Likewise, we used envelopes to constrain flexibility deployment

by resources in terms of their capacity and ramping limitations. The approach was that,

to provide adequate system flexibility, dispatch levels of flexibility resources have to be

prepositioned appropriately such that their aggregate flexible power envelope encloses the

flexible power requirement envelope arising from the variable and uncertain net load. This

ensures resources have sufficient capacity and ramping capability to cover the capacity and

ramping requirements arising from the net load.

On the other hand, the inclusion of energy-constrained devices in planning would require

prepositioning their energy state levels, rather than their power dispatch levels. Therefore,

here we reconsider the flexibility envelope approach from an energy standpoint. In other

words, we argue in favor of replacing the flexible power requirement envelope by the flexible

energy requirement envelope, while we also replace the flexible power envelopes of resources

by their flexible energy envelopes. Such envelopes are capable of capturing energy, power,

and ramp altogether in a single envelope. This way, the energy states of energy-constrained

resources can be prepositioned—along with the power dispatch levels of other conventional

resources—such that the aggregate flexible energy envelope of all resources encloses the

flexible energy requirement envelope arising from the net load. This poses a paradigmatic

shift in the way we look at operating reserve as flexible deployable energy, rather than

flexible deployable power.

3.2 Quantifying Energy Flexibility Requirements

In Chapter 2, we obtained the flexible power requirement envelope from net load power step

changes. The envelope’s height and slope determine how much power capacity and ramping,

respectively, over the envelope’s horizon are needed to cover appropriately plausible net

load variability and uncertainty. This idea is re-iterated here followed by its extension

to calculating the flexible energy requirement envelope. We will show two approaches to
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obtaining the flexible energy requirement envelope. One approach first integrates the net

load power step changes to obtain the net load energy step changes. Subsequently, the

flexible energy requirement envelope is calculated statistically from the aforementioned net

load energy step changes, by adapting the procedure from Chapter 2. The second approach

obtains the flexible energy requirement envelope directly, by integrating the flexible power

requirement envelope from Chapter 2.

3.2.1 The Flexible Power Requirement Envelope

The net load measurement at present time k is used as a constant forecast (reference)

level for the upcoming short-term operational horizon. This is referred to as a persistence

forecast and is believed to be the most accurate under high penetration of renewable energy

sources [58]. More importantly, it is by deviating from the present net load level (i.e. the

persistence forecast) that a need to deploy flexibility over the operational horizon arises—at

least from our perspective in this dissertation.

Consider a net load power time series `(k), k = 1, . . . , K. From `(k), we can obtain the

step change in the net load at time τ as seen from the present time k

∆P (τ ; k) = `(k + τ)− `(k) (3.1)

which represents deviation from the persistence forecast `(k), τ units of time later. By fixing

τ and sweeping through k, we obtain k realizations of the net load step change ∆P (τ ; k) as

a function of τ only. These realizations can then be used to obtain the standard deviation

σP (τ) as a function of τ , as well. From this, the flexible power requirement envelope can be

defined as a multiple of the standard deviation σP (τ), depending on the desired percentile

coverage of flexibility requirements. For example, if the step change realizations at τ are

fitted to a Laplace distribution [51], multiplying σP (τ) by a factor of 1.63 covers the 90th

percentile of all plausible net load power deviations, τ units of time later. The decision

maker must choose the appropriate multiplication factor, to cover the desired percentile of

the distribution.

For example, consider the net load time series obtained for the Bonneville Power Au-

thority for the year 2014 [59], which contains roughly 89 000 data points. The sampling

period is T = 5 minutes, and the operational horizon is set to one hour (i.e., 12 sub-hourly

time steps). The method outlined above is applied to all τ = mT , where m = 1, . . . , 12.
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Fig. 3.1 plots the normalized histogram (gray area) of ∆P (τ ; k) for τ = 60 minutes, which

is also fitted to a Laplace distribution (red curve). Assuming a Laplace distribution at
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Fig. 3.1 Laplace PDF fitted to power step changes at τ = 60 minutes.

every τ allows us to calculate the standard deviation σP (τ), as shown in Fig. 3.2. The plot

of σP (τ) resembles the shape of an envelope over the horizon τ = [0, 60] minutes, as desired.

Fig. 3.3 reinforces the concept visually by ploting several envelopes for integer multiples of

the standard deviation σP (τ).

Last, the choice of the Laplace distribution is common in the literature for modeling

wind variability. The gap between the histogram and the fitted Laplace distribution (red

curve) at the center may be an artifact of the BPA dataset. This technical nuance is beyond

the scope of the dissertation. What matters ultimately is obtaining the flexibility require-

ment envelope by any suitable mean, to perform operational planning via the flexibility

envelopes framework.
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3.2.2 The Flexible Energy Requirement Envelope—First Approach

First, we integrate the net load power step change (3.1) to obtain the net load energy step

change ∆E(τ ; k)

∆E(τ ; k) = T

τ/T∑
i=1

`(k + i)− τ`(k) (3.2)

∆E(τ ; k) represents the energy deviation in the net load τ units of time later, as seen

from the present time k. Next, following the methodology in Section 3.2.1, we can obtain

the energy standard deviation σE(τ) as a function of τ , from which we obtain the flexible

energy requirement envelope by multiplying σE(τ) by a pre-determined factor.

Using the same net load time series from [59], Fig. 3.4 plots the normalized histogram

(gray area) of ∆E(τ ; k) for τ = 60 minutes, which also fits well to a Laplace distribution (red

line). Assuming a Laplace distribution at every τ , Fig. 3.5 plots the standard deviation
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Fig. 3.4 Laplace PDF fitted to energy step changes at τ = 60 minutes.

σE(τ). Likewise, the plot of σE(τ) resembles the shape of an envelope over the horizon

τ = [0, 60] minutes, as expected.
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Fig. 3.5 Standard deviation of energy step changes as a function of τ .

3.2.3 The Flexible Energy Requirement Envelope—Second Approach

In this case we obtain the flexible energy requirement envelope directly by integrating the

original flexible power requirement envelope:

σΣP (τ) = T

τ/T∑
i=1

σP (i) (3.3)
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3.2.4 Comparison of the Two Approaches

Next, we compare the flexible energy requirement envelopes obtained by both approaches.

To do so, we start by taking the square of both sides of (3.3)

σ2
ΣP (τ) =

T τ/T∑
i=1

σP (i)

2

= T 2

τ/T∑
i=1

σ2
P (i) + T 2

∑∑
j 6=i

σP (i)σP (j)

≥ T 2

τ/T∑
i=1

σ2
P (i) + T 2

∑∑
j 6=i

σP (i, j) (3.4)

through the application of the Cauchy-Schwarz inequality

|σ(i, j)| ≤
√
σ2(i)σ2(j) (3.5)

Furthermore, taking the variance of both sides of (3.2) yields

V ar (∆E(τ ; k)) = V ar

T · τ/T∑
i=1

∆P (i; k)


= T 2 ·

τ/T∑
i=1

V ar (∆P (i; k))

+ T 2 ·
τ/T∑
i 6=j

Cov (∆P (i; k),∆P (j; k)) (3.6)

Replacing V ar (∆E(τ ; k)) by σ2
E(τ), V ar (∆P (τ ; k)) by σ2

P (i), and Cov (∆P (i; k),∆P (j; k))

by σP (i, j) gives

σ2
E(τ) = T 2

τ/T∑
i=1

σ2
P (τ) + T 2

∑∑
j 6=i

σP (i, j) (3.7)
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Comparing (3.4) to (3.7), we conclude that

σ2
E(τ) ≤ σ2

ΣP (τ) (3.8)

This result implies that the flexible energy requirement envelope obtained via the first

approach, σE(τ), is less stringent than the one obtained via the second approach, σΣP (τ).

Intuitively, summing of the power step changes to obtain the energy step changes is a form

of smoothing (i.e. a moving-average filter). Consequently, one can use the integral of

the flexible power requirement envelope, σΣP (τ), as an upper bound on the flexible energy

requirement envelope σE(τ).

For the same BPA data as above, Fig. 3.6 plots both envelopes, which empirically

confirms this upper bound relationship. It is a matter of perspective or preference as to

which envelope to consider for planning.
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Fig. 3.6 σE (dashed) compared to σΣP (τ) (solid).

3.3 The Flexible Energy Envelope of Power System Resources

In line with the previous section, a planned deviation from the present (scheduled) power

level of a power system resource is what constitutes flexibility (power) deployment. In the
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context of this chapter, we now seek to quantify the energy associated with a power system

resource when its power output is deviating over the operational horizon. Let y(k) represent

the power set point of a resource at present time k. The output power can undergo step

changes as flexibility is deployed over forward time τ

∆P (τ ; k) = y(k + τ)− y(k) (3.9)

For example, consider a thermal generation unit with minimum output level of 10 MW,

maximum output level of 50 MW, and a maximum upward/downward ramp rate of 1

MW/minute. Given an initial output of 30 MW, Fig. 3.7 plots the flexible power envelope

of the thermal generation unit. In contrast, consider a lossless energy storage device that
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Fig. 3.7 Sample power envelope of a thermal generation unit.

can deliver or absorb energy at a rated power of 10 MW and can hold up to 10 MWh of

energy. Given an initial state of charge of 5 MWh, Fig. 3.8 plots the flexible power envelope

of the lossless energy storage asset. In both examples, the sampling period T is 5 minutes

and τ varies from 0 to 60 minutes. Integrating (3.9) yields energy step change at τ :
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Fig. 3.8 Sample power envelope of an energy storage unit.

∆E(τ ; k) = T

τ/T∑
i=1

y(k + i)− τy(k) (3.10)

where this quantity represents the amount of energy a resource can deliver by τ units of

time later, as seen from the present time k.

Fig. 3.9 plots the flexible energy envelope of the thermal generation unit, given y(k) = 30

MW, and Fig. 3.10 plots the flexible energy envelope of the lossless energy storage for the

initial state of charge of 5 MWh. In the case of the storage unit, the rising/falling slopes

of the energy envelope is its rated power of 10 MW. Moreover, the envelope is set to

saturate at τ = 30 minutes, due to depletion of upward or downward energy flexibility—

i.e. the energy store is either fully charged or fully discharged, respectively. In contrast,

the flexible energy envelope of the thermal generation unit continues to ramp up/down,

albeit at different rates, once it reaches its maximum and minimum power output levels.

The key observation here is that the flexible power envelope of the storage unit is not

the most appropriate to perform operational flexibility planning. As it stands, the flexible

power envelope in Fig. 3.8 is myopic in the sense that it neglects the fact that the storage

asset could provide flexibility well beyond the time where its state of charge limits are
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Fig. 3.9 Energy envelope of the thermal generation unit as a function of τ .
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Fig. 3.10 Energy envelope of the energy storage unit as a function of τ .
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reached. When one turns to the flexible energy envelope of the storage asset in Fig. 3.10,

it is clear that the corresponding envelope is such that the storage unit state of charge can

evolve in a range well beyond the time at which state of charge limits are reached for rated

power charging/discharging. In fact, one sees readily that the shape of the flexible energy

envelope of the storage unit is similar to the flexible power envelope of the generating

unit. It has been shown in Chapter 2 that this envelope is appropriate to conduct forward-

looking flexibility planning. By using flexible energy envelopes, power system operators

could break away from the myopic character of flexible power envelopes associated with

energy-limited resources. In addition, energy envelopes are still consistent for modeling the

flexibility of conventional generation. Therefore, energy-based flexibility planning, being

more resource-inclusive than power-based flexibility planning, should have more potential

at leveraging the available flexibility in a power system.

We show next how flexible energy envelopes can provide an appropriate operations

planning mechanism to best exploit the flexibility of storage or other energy-limited assets.

Flexible energy envelopes allow for simultaneous asset state of charge and power output

positioning, something not possible with flexible power envelopes.

3.4 Energy-Centric Planning with Envelopes

Planning with flexible power envelopes has already been proposed in Chapter 2. Here,

however, the use of flexible energy envelopes will allow us to preposition energy states of

energy-constrained resources, to optimize their deployment moving forward. The following

example formulates a mixed-integer linear program integrating energy storage in a receding-

horizon economic dispatch problem. Two energy storage strategies will be compared. The

first strategy deploys energy storage resources myopically without planning their potential

use moving forward—i.e., their envelopes are not aggregated with the remaining resources.

The second strategy deploys energy storage assets anticipatorily, by planning their use

according to their flexible energy envelopes—i.e., their envelopes are aggregated with the

remaining resources. The two strategies are benchmarked against a case without storage

to compare their relative performance.
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3.4.1 Problem Setup

Receding Horizon Operation: As illustrated by Fig. 3.11, the power system is running

during the hth hour, at the kth economic dispatch step. The decision maker must re-

dispatch the committed resources to match the new forecast net load `(k) by ramping these

resources from their previous output levels at step k − 1 subject to ramping constraints.

Concurrently, the decision maker must preposition these resources at step k, such that their

projected aggregate flexibility envelope encloses the flexibility requirement envelope over

the upcoming operational horizon k + m, where m = 1, . . . ,M is the receding horizon. In

this example, we assume there are 12 economic dispatch steps k within the unit commitment

hour h, such that the sampling period is T = 5 minutes and k = 1, . . . , 12. The projected

horizon of the envelopes is set to be one hour as well, such that M = 12 and m = 1, . . . , 12

(equivalently, τ = 5, . . . , 60 minutes).

h+ k − 1 h+ k

hth hour
m

`(h+ k)

h+ k +M

`(h+ k − 1)

T

Fig. 3.11 Schematic illustration of a single decision making epoch.

Net Load Model : A series of twelve 5-minute step changes, {w(k)}12
k=1, is generated ran-

domly from a symmetric Laplace distribution that is characterized by β = 1 MW/minute.

The random step changes are used to update the net load at each economic dispatch step

k. The step changes are assumed to be independent and identically distributed (i.i.d.),

while
√

2β is the standard deviation, and 1.63
√

2β is the 90th percentile for the Laplace

distribution. A cap is placed on the realizations of w(k) such that

w(k)←min(1.63
√

2β, w(k)); k = 1, . . . , 12 (3.11)
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Taking the initial net load forecast `(1) to be 30 MW for economic dispatch step k = 1, the

net load forecasts for the remaining economic dispatch steps are generated by subsequently

adding the random step changes w(k). In addition, a cap is placed on the net load maximum

and minimum

`(k + 1) = min(50, `(k) + w(k)); k = 1, . . . , 12 (3.12)

`(k + 1) = max(10, `(k) + w(k)); k = 1, . . . , 12 (3.13)

Fig. 3.12 plots sample realizations of the net load random process bounded by the 90th

percentile flexible power requirement envelope.
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Fig. 3.12 Sample realizations of the net load random process bounded by
the 90th percentile flexible power envelope.

The power deviation step changes, as a function of the receding horizon step m, are

∆P (m) =
m∑
i=1

w(i); m = 1, . . . , 12 (3.14)
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while the energy deviation step changes, as a function of m, are

∆E(m) = 5
m∑
i=1

i∑
j=1

w(j); m = 1, . . . , 12 (3.15)

Flexible Power Requirement Envelope: The standard deviation envelope σP (m) is computed

by taking the variance of (3.14) and noting the i.i.d. property of {wk}12
k=1

1, thus yielding

σP (m) =
√
m
√

2β m = 1, . . . , 12 (3.16)

For example, multiplying (3.16) by a factor of ±1.63 gives the flexible power requirement

envelope covering the 90% confidence region. As mentioned earlier, establishing the optimal

coverage level remains an open research question; we shall not address it formally here.

Also, the Laplace distribution is assumed to hold for all m, as an approximation of the

actual distributions.

Flexible Energy Requirement Envelope: The standard deviation envelope σE(m) is found

by taking the variance of both sides of (3.15)

σE(m) = 5
√

2β

√
m3

3
+
m2

2
+
m

6
m = 1, . . . , 12 (3.17)

by applying the i.i.d. property of {wm}12
m=1 and the elementary series sum result

m∑
i=1

i2 =
m3

3
+
m2

2
+
m

6
(3.18)

Multiplying (3.17) by ±1.63 yields the flexible energy requirement envelope covering the

90% confidence region. Here again the Laplace distribution is assumed to hold for all m.

Fig. 3.13 plots (3.17) along with the integral of (3.16), which confirms the flexible energy

envelope is less stringent than the flexible power envelope. Fig. 3.14 plots the integral of the

sample scenarios of Fig. 3.12, bounded by the 90th percentile flexible energy requirement

envelope.

Flexibility Resources : There are five identical conventional generators, Ig = {1, 2, 3, 4, 5},
constrained by capacity and affine ramp limits, which provide flexibility at a fixed incre-

1We recall that the covariance of i.i.d. random variables is zero.
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Fig. 3.13 σE (dashed) compared to σΣP (solid).
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Fig. 3.14 Integral of the sample scenarios in Fig. 3.12, enclosed by the 90th

percentile flexible energy requirement envelope.
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mental cost. In addition, two energy storage assets included in the system, Is = {1, 2},
which do not incur any additional operational costs. Table 3.1 shows the cost and flexibility

characteristics of the generators, whereas Table 3.2 shows the flexibility characteristics and

efficiencies of energy storage assets. We note that storage asset 1 (the smaller one, energy

capacity-wise) has a rated power charge/discharge time of 20 minutes, whereas storage asset

2 (the larger one, energy capacity-wise) has a rated power charge/discharge time of three

hours. Clearly, one can see that storage asset 1 is meant for providing intra-hour bridging

power, while the second asset is meant primarily for inter-hour energy management.

Table 3.1 Resources’ Capacity, Ramping, and Cost Characteristics

Ig gmax (MW) gmin (MW) R (MW/minute) b ($/MWh)

1 10 0 1.5 20
2 10 0 1.5 40
3 10 0 1.5 60
4 10 0 1.5 80
5 10 0 1.5 100

Table 3.2 Storage Capacity, Power, and Efficiency Characteristics

Is Emax (MWh) Emin (MWh) P (MW) µc µd

1 25 10 75 0.9 0.9
2 75 10 25 0.9 0.9

Simulations : Five hundred one-hour realizations of the net load random process were

generated according to the aforementioned net load model. The no storage case, the myopic

storage strategy, and the envelopes-based anticipatory storage strategy were simulated for

each of the 500 net load realizations, using the mathematical programs described next.

3.4.2 Mathematical Program

The following mixed-integer linear program represents the flexibility envelopes-constrained

receding-horizon planning for a single economic dispatch step k. To keep the units of mea-

surements consistent, ramp constraints are in MW/minute, power constraints are in MW,
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and energy constraints are in MWh. This explains the conversion factors 1/T, 60/T, T/60

throughout the formulation, given that the discretization period is T = 5 minutes.

Objective: The objective here is to minimize the total dispatch cost of conventional gen-

erators. The dispatch objective here assigns no specific operating cost to storage assets as

they only serve to shift energy from one time instant to another.2

min
∑
i∈Ig

bigi(k) (3.19)

This is subject to:

Power Balance for Dispatch Step k: Equation (3.20) ensures the power balance at the

current dispatch time step k.

∑
i∈Ig

gi(k) +
60

T

∑
i∈Is

(
µdi

[
ui(k)si(k − 1)− s↓i (k)

]
+

1

µci

[
(1− ui(k))si(k − 1)− s↑i (k)

])
= `(k) (3.20)

Multiplying by the factor 60/T converts the step changes in storage levels from MWh to

MW. The variable ui is binary and indicates the charging status of storage unit i, whereas

si(k − 1) is the previous storage state of charge at time step k − 1 and appears here as a

parameter. The inclusion of storage efficiencies—µc and µd for charging and discharging

processes, respectively—necessitates representing the storage states by two mutually ex-

clusive variables, s↑i (charge) and s↓i (discharge), because the storage dispatch decision (i.e.

whether to charge or discharge at k) is unknown a priori.

Dispatch for Generator i ∈ Ig at Step k: These bound the generators by their capacity

and ramp rates, respectively, as they ramp from the previous (given) power output level at

time step k − 1.

gmin
i ≤ gi(k) ≤ gmax

i (3.21)

−Ri ≤
1

T

(
gi(k)− gi(k − 1)

)
≤ Ri (3.22)

2Storage losses do have a cost implication on the overall dispatch, but those are implicitly handled by
using conventional generation assets in meeting the power balance. Also, as we are considering real-time
dispatch, reserve capacity holding charges are not considered since those are settled in the unit commitment.
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Dispatch for Storage i ∈ Is at Step k: Similarly, constraints (3.23)–(3.26) bound the energy

storage devices by their state of charge and rated power output. The binary variable ui

ensures that charging, s↑i (k), and discharging, s↓i (k), remain mutually exclusive.

si(k) = s↑i (k) + s↓i (k) (3.23)

ui(k)Emin
i ≤ s↓i (k) ≤ ui(k)si(k − 1) (3.24)

(1− ui(k))si(k − 1) ≤ s↑i (k) ≤ (1− ui(k))Emax
i (3.25)

−Pi ≤
60

T

(
si(k)− si(k − 1)

)
≤ Pi (3.26)

In (3.26), we notice that charging and discharging efficiencies are not present because si(k)

and si(k− 1) represent control set points. The effects of the storage inefficiencies are taken

into account in the power balance (3.20).

Flexible Energy Requirement Envelope for m = 1, . . . , 12: Equations (3.27) and (3.28) gen-

erate the flexible energy requirement envelope by integrating the flexible power requirement

envelope (second approach in Section 3.2.3)

W ↑(m) =
T

60

m∑
j=1

min(1.63σP (j), 50− `(k)) (3.27)

W ↓(m) =
T

60

m∑
j=1

max(1.63σP (j), `(k)− 10) (3.28)

We note that W ↑(m) and W ↓(m) are not optimization variables. They are parameters used

next to enforce flexible energy envelope enclosure.

Flexible Power Envelopes for Generators i ∈ Ig and m = 1, . . . , 12: Constraints (3.29)–

(3.34) determine for each generator two flexible power trajectories, one upward x↑i and one

downward x↓i , bounded by the generators’ capacities and ramp rates. Here, (3.29) and

(3.32) set the initial condition of the envelope to the step k dispatch levels, while (3.31)

and (3.34) bound the envelope trajectories to minimum and maximum generator capacity

at the end of the receding horizon. On the other hand, (3.30) and (3.33) enforce maximum
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ramping limitations over the duration of the receding horizon.

x↓i (0) = gi(k) (3.29)

1

T

(
x↓i (m)− x↓i (m− 1)

)
≤ −Ri (3.30)

x↓i (12) ≥ gmin
i (3.31)

x↑i (0) = gi(k) (3.32)

1

T

(
x↑i (m)− x↑i (m− 1)

)
≤ Ri (3.33)

x↑i (12) ≤ gmax
i (3.34)

Flexible Energy Envelopes for Storage i ∈ Is and m = 1, . . . , 12: In a way similar to the

flexible power envelopes for generation, constraints (3.35)–(3.40) induce two flexible energy

trajectories, one upward z↑i and one downward z↓i , bounded by the assets’ storage energy

capacity and rated power. Equalities (3.35) and (3.38) enforce the initial condition of the

energy flexibility envelope to the current dispatch step state of charge, while (3.37) and

(3.40) guarantee that, at the end of the receding horizon, the flexible energy envelope is

bounded by the minimum and maximum state of charge levels. In between, changes in the

storage state of charge are limited by the rated power of storage assets, (3.36) and (3.39).

z↓i (0) = si(k) (3.35)

60

T

(
z↓i (m)− z↓i (m− 1)

)
≤ −Pi (3.36)

z↓i (12) ≥ Emin
i (3.37)

z↑i (0) = si(k) (3.38)

60

T

(
z↑i (m)− z↑i (m− 1)

)
≤ Pi (3.39)

z↑i (12) ≤ Emax
i (3.40)

Energy Envelopes Enclosure for m = 1, . . . , 12: Constraints (3.41) and (3.42) serve to

enclose the flexible energy requirement envelope defined in (3.27) and (3.28) using both

storage and conventional generation. These constraints are only to be used with the second

energy storage strategy, which plans storage deployment anticipatorily. In the case where
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storage use is planned myopically, the storage terms are omitted and only generation is

used to ensure envelope enclosure.

T

60

m∑
j=1

∑
i∈Ig

(
x↑i (j)− gi(k)

)
+
∑
i∈Is

µd
(
si(k)− z↓i (m)

)
= W ↑(m) (3.41)

T

60

m∑
j=1

∑
i∈Ig

(
gi(k)− x↓i (j)

)
+
∑
i∈Is

1

µc

(
z↑i (m)− si(k)

)
= W ↓(m) (3.42)

Finally, the base strategy (for benchmarking the other two) does not use any storage. It

uses the conventional generators only, to enclose the flexible energy requirement envelope.

Hence, in this case all storage terms are out while all storage-related constraints are removed

as well.

3.4.3 Results and Discussion

To compare quantitatively the three dispatch strategies, the energy dispatched (MWh) for

a single realization j, EGj, contributed by the conventional resources is

EGj =
1

12

5∑
i=1

12∑
k=1

gi,j(k) (3.43)

whereas the cost ($) of dispatch for the same single realization j, Cj, incurred by the

conventional resources is

Cj =
1

12

5∑
i=1

12∑
k=1

cigi,j(k) (3.44)

The expected energy (MWh) contribution by conventional resources for J realizations is

EGJ =
1

J

J∑
j=1

EGj (3.45)
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whereas the total expected cost ($) of operating the conventional resources for J realizations

is

ECJ =
1

J

J∑
j=1

Cj (3.46)

where gi,j(k) is the power dispatch of conventional resource i at the kth dispatch step for

the jth economic dispatch simulation.

Fig. 3.15 plots the histograms of (3.44) for the three dispatch strategies. Deploying stor-

age myopically shifts and tightens the cost histogram over the basecase, implying reduced

energy contributions and dispatch costs from the conventional resources. On the other

hand, deploying storage anticipatorily via the energy envelopes approach further shifts and

tightens the histogram.

Table 3.3 shows the values associated to (3.45) and (3.46). The storage dispatch strategy

exploiting the flexible energy envelopes improves substantially over its myopic counterpart.

Moreover, it is important to see how the capabilities of the storage assets are leveraged

by considering their potential deployment moving forward. We note here that no forecast

beyond the net load persistence forecast was needed here.

Table 3.3 Expected Energy Dispatched and Expected Costs of Conventional
Resources

No storage Myopic ∆ Envelopes ∆

EEG (MWh) 29.6 19.6 −34% 6.7 −77%

EC ($×103) 15.8 8.63 −45% 2.50 −84%

Fig. 3.16 plots the histogram of the small (25 MWh) energy storage’s intra-hourly state

of charge, sampled every 5 minutes. It appears that optimal operations via the envelopes

approach attempts to push the storage asset’s state of charge as low as possible. This

involves two simultaneous actions. One action is the discharge of the energy stored to

deliver (dispatch) energy here and now, whereas the other action is the prepositioning of

the state of charge at a lower level to provide potential fast-acting downward flexibility

going forward.

On the other hand, Fig. 3.17 plots the histogram of the large (75 MWh) energy storage’s
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Fig. 3.15 Histograms of generators’ total dispatch cost under the three eco-
nomic dispatch strategies.
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Fig. 3.16 Histograms of the 25 MWh storage’s state of charge.
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intra-hourly state of charge, sampled every 5 minutes. The large storage asset has more

capacity (in MWh) but a lower rate of charge/discharge (in MW), when compared to the

small 25 MWh asset. Here operations via the envelopes approach attempts to shift the

expected state of charge to a lower level, as well as flatten its distribution. As expected,

this shows that the 75 MWh storage asset acts more as an energy buffer, by spending

roughly equal time over a wide range of states of charge as it caters to the slower net load

variations. In contrast, the 25 MWh energy storage asset returns frequently to its lowest

state of charge, thus catering to the faster net load variations.

3.5 Summary

In this chapter, we looked at flexibility as deployable energy, rather than the traditional view

as deployable power. This prompted us to re-model the flexibility envelopes of Chapter 2

in terms of potential energy deployment. The new model facilitates the planning of energy-

constrained resources (like energy storage systems and some forms of demand response).

It allows for their energy levels could be prepositioned ahead of time to better optimize

their potential deployment over an upcoming operational horizon. A proof of concept

was performed through a receding-horizon economic dispatch problem to show how the an

anticipatory storage strategy exploiting the proposed flexible energy envelope model is able

to perform significantly better than with a myopic storage use strategy.
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Fig. 3.17 Histogram of the 75 MWh storage’s state of charge.
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Chapter 4

Probabilistic Planning with

Flexibility Envelopes

With the emphasis on renewable energy integration, stochastic methods have begun to

emerge as a viable alternative to traditional planning under uncertainty. The value of

stochastic planning lies in its effectiveness at reducing operational costs, while allowing

higher penetration levels of renewable sources, and without much sacrifice to system secu-

rity. This is under the premise that the decision maker may not need to fully hedge against

more extreme and costlier events that exhibit lower probabilities of occurrence. On the

other hand, stochastic methods do suffer from the “curse of dimensionality,” which ren-

ders them computationally intractable for practical application. Here, we propose a new

stochastic approach based on the flexibility envelopes concept that was proposed in Chap-

ter 2. It circumvents the curse of dimensionality by using probability-weighted envelopes

to enclose the evolution of the net load uncertainty over the planning horizon. The new

approach is illustrated by a receding-horizon economic dispatch example, to compare its

effectiveness to the earlier deterministic version that used a single envelope.

4.1 Introduction

The power system infrastructure is undergoing a transitional phase, whereby the integration

of renewable energy sources (RES) and the active participation of electricity consumers are

reshaping the characteristics of the net load (i.e. load less RES output). As a result, the

industry is facing a new challenge of increased variability and uncertainty in the power
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balance, beyond what legacy operation and planning practices were designed to handle. To

answer this challenge, stochastic-based planning has recently emerged to better handle this

inherent variability and uncertainty in the net load, while the emerging concept of power

system flexibility is expected to phase out the traditional operating reserve definitions,

in due time [5]. Stochastic planning and power system flexibility go hand-in-hand, given

that stochastic methods compute operating reserve implicitly, without requiring explicit

reserve definitions in the traditional sense. This provides more unity across power systems

by alleviating the lack of consensus on the explicit definitions of reserve types [13]. That

is, power system flexibility requirements are best characterized implicitly by the net load

variability and uncertainty dynamics, rather than explicitly by categorical reserve types—

such as primary, secondary, and tertiary reserves.

In stochastic planning [9], variability and uncertainty are modeled directly in the plan-

ning problem, in the form of probability-weighted scenarios, to which the optimal dis-

patch/scheduling solution must be probabilistically robust, not fully. This allows the sys-

tem operator to implicitly reduce reserve requirements arising from the scenarios having

lower probabilities of occurrence but higher reserve costs. In turn, this can have a substan-

tial impact on reducing the operational and planning costs, for a small tolerable reduction

in system security. Here, the scenarios’ dynamics implicitly capture the net load variability

and uncertainty characteristics, and there is no need to explicitly handle the traditional

reserve types within the planning model.

However, one serious drawback to scenario-based stochastic planning is known as the

“curse of dimensionality.” It refers to the exponentially increasing computational require-

ments resulting from the exponentially growing possible outcomes of the evolution of the

net load variability and uncertainty over the planning horizon. Consequently, the appli-

cability of stochastic planning has been very limited at the inter-hourly scale (i.e. hourly

unit commitment and tertiary reserve planning), whereas there hasn’t been any work done

at the intra-hourly scale pertaining to intra-hourly flexibility—involving primary and sec-

ondary reserve planning. All in all, stochastic optimization formulations are yet to emerge

as viable practical industry solutions for operational planning.

On the other hand, scenario reduction techniques [23] can be used to partially cir-

cumvent the curse of dimensionality. However, this adds another layer of computational

and modeling complexity to the planning problem, and the accuracy of the approxima-

tion degrades with the degree of scenario reduction, especially under high variability and
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uncertainty. This is even more so on the intra-hourly timescale, where the net load may

become significantly volatile. Therefore, whereas scenario-based stochastic planning may

be far from being computationally tractable for intra-hourly flexibility planning, an alter-

native stochastic approach that is simplistic and computationally viable is still desired. To

that end, we propose the probabilistic envelopes approach to power system planning under

uncertainty.

In Chapter 2, we proposed the concept of flexibility envelopes for power system op-

erational planning. We used envelopes to capture the intra-hourly flexibility deployment

characteristics of resources and the intra-hourly flexibility requirement characteristics aris-

ing from the net load variability and uncertainty. Such envelope enclosed statistically a

certain percentile of the plausible net load realizations (i.e. stochastic scenarios). We as-

serted flexibility adequacy is achieved when the aggregate flexibility envelope of resources

encloses the flexibility requirement envelope over the operational horizon.

The underlying strategy behind the flexibility envelopes approach is essentially a min-

max strategy [60]. Whereas scenario-based stochastic planning is robust with respect to

a large number of probability-weighted scenarios, a min-max strategy needs only to be

robust with respect to the worst-case scenario(s) (i.e. the flexibility requirement envelope)

to guarantee robustness with respect to all enclosed scenarios within the envelope. This is

clearly advantageous, computational-wise, over scenarios-based stochastic planning. The

downside of min-max planning is that it results in strict reserve requirements—pertaining

to the worst-case scenario(s)—at the expense of higher expected operating costs. This, how-

ever, can be controlled by determining the percentile of scenarios enclosed by the flexibility

requirement envelope, as elaborated in Chapter 2.

In this Chapter, we extend the flexibility envelopes concept, introduced in Chapter

2, by quantifying several flexibility requirement envelopes enclosing an increasing order

of percentiles of the net load uncertainty. During planning, we require the aggregate re-

sponse of resources to probabilistically enclose those envelopes, by taking into account

their probability weights. The advantage of such an approach lies in the absence of cou-

pled exponentially growing scenarios, thus alleviating the curse of dimensionality—because

computational requirements grow linearly with the number of envelopes and the length of

the planning horizon. Moreover, the envelopes and their probabilities are easy to calculate

and incorporate in a linear program formulation.

Alternatively one may think of the proposed probabilistic envelopes approach as a sce-
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nario reduction process, because each envelope encloses a corresponding percentile of sce-

narios. In other words, a certain percentile of scenarios can be aggregated into an envelope

trajectory that represents the capacity and ramping limit-behavior of the scenarios enclosed

within. The advantage over available scenario-reduction techniques is that the envelopes

are easy to calculate statistically from the empirical net load data. Hence, there is no need

for constructing a scenario tree, generating Monte Carlo scenarios, or applying complex

scenario reduction algorithms.

4.2 The Flexibility Requirement Envelope

Let persistence forecast be the most recent measurement of the net load at present time k,

which is used as a reference level for computing flexibility requirements over the planning

horizon. In other words, flexibility deployment is required when the net load deviates from

the persistence forecast over the operational horizon. Let ∆P (τ ; k) define a step change in

the net load power time series `(k), realized τ units of time later, as seen from the present

time k:

∆P (τ ; k) = `(k + τ)− `(k) (4.1)

Given an empirical net load time series `(k), the sample realizations ∆P (τ ; k) can be

obtained by fixing τ and sweeping through k in the time series `(k). Consequently, the

flexibility requirement envelope at τ quantifies the pth percentile of ∆P (τ ; k) both upward

and downward, where τ varies from zero to H (the length of the envelope’s horizon).

Here, we use the Laplace distribution to fit the ∆P (τ ; k) realizations, as this has been the

preferred distribution for wind power variability in several wind power integration studies

[51, 61]:

f(∆P (τ ; k)|τ) =
1

2β(τ)
exp

(
− |∆P (τ ; k)− µ(τ)|

β(τ)

)
(4.2)

where f is the symmetric Laplace PDF, µ(τ) is the mean, and β(τ) > 0 is the scale

parameter. Both µ(τ) and β(τ) change with τ , while we assume the Laplace structure does
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not change. The standard deviation σ(τ) is a function of β(τ):

σ(τ) = β(τ)
√

2, τ = 0, . . . , H (4.3)

Fig. 4.1 shows the Laplace PDF discretized uniformly by integer increments of the standard

deviation, where µ = 0 and β = 1. As shown in the figure, for the Laplace distribution,

it suffices to consider up to five increments of the standard deviation, to cover most of the

probability. The pthq percentile corresponding to the qth increment of σ is

-5σ -4σ -3σ -2σ -σ 0 σ 2σ 3σ 4σ 5σ
0

0.1

0.2

0.3

0.4

0.5

∆P

P
D

F

Fig. 4.1 Laplace PDF given µ = 0 and b = 1. The dashed lines discretize
the PDF uniformly by integer increments of σ = β

√
2

pq = P

(
µ− qσ ≤ ∆P ≤ µ+ qσ

)
=

(
CDF(µ+ qσ)− CDF(µ− qσ)

)
(4.4)

where q = 1, . . . , 5 and CDF is the cumulative distribution function of (4.2). Table 4.1

shows the actual pthq percentiles of the symmetric Laplace distribution of Fig. 4.1, which

will be used later for probabilistic planning with the envelopes. Moreover, a non-uniform

discretization of q, based on 20% increments of the enclosed percentile pq, is shown in
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Table 4.1 Percentiles of the symmetric Laplace distribution for integer in-
crements of the standard deviation

q 1 2 3 4 5
pq 0.757 0.941 0.986 0.997 0.999

Table 4.2, which will also be used for probabilistic planning, to compare its performance

relative to the aforementioned uniform discretization. The upward and downward envelope

Table 4.2 Percentiles of the symmetric Laplace distribution for 20% incre-
ments of the percentiles

q 0.158 0.361 0.648 1.138 4.885
pq 0.2 0.4 0.6 0.8 0.999

trajectories, {e↑q(τ), e↓q(τ)}, of a single envelope based on the qth increment of σ become

e↑q(τ) = qσ(τ) = qβ(τ)
√

2; τ = 0, . . . , H (4.5)

e↓q(τ) = −qσ(τ) = −qβ(τ)
√

2; τ = 0, . . . , H (4.6)

Therefore, σ(τ) or β(τ) must be fitted empirically at every τ to obtain the envelopes’

trajectories. As an example, consider the same net load data obtained for the BPA power

system [59] used throughout the dissertation. The sampling period is 5 minutes, and τ

is set to range from zero to 60 minutes in increments of 5 minutes. Fitting the Laplace

distribution at every τ , Table 4.3 shows the standard deviation σ(τ) as a function of τ .

Fig. 4.2 plots the flexibility requirement envelopes for q = 1, . . . , 5, over a one-hour planning

horizon.

Finally, each q value corresponds to a single flexibility requirement envelope which

captures the intra-hourly characteristics of the net load in terms of capacity and ramping

requirements, for the pthq percentile of realizations (scenarios) it encloses.

4.3 The Flexibility Envelope of Power System Resources

In line with the previous section, a planned deviation from the present (scheduled) power

level of a power system resource is what constitutes flexibility deployment. Let y(k) repre-
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Table 4.3 The standard deviation of the BPA data as a function of τ

τ (minutes) σ(τ) (MW)

5.0 59.2
10.0 90.1
15.0 119.9
20.0 148.7
25.0 177.6
30.0 205.6
35.0 233.6
40.0 261.0
45.0 287.5
50.0 313.4
55.0 339.8
60.0 366.0
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Fig. 4.2 The flexibility requirement envelopes of the BPA data for one hour
duration, computed as integer increments of the standard deviation—Fig. 4.1
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sent the power output level at present time k. The output power can undergo step changes

as flexibility is deployed over forward time τ

∆P (τ ; k) = y(k + τ)− y(k) (4.7)

The reader may refer to Chapter 2 and Chapter 3 for illustrative examples on calculating

the flexibility envelope of a power system resource. To re-emphasize, a flexibility envelope

captures the intra-hourly characteristics of a power system resource, in term of capacity

and ramping requirements. On the other hand, the aggregate flexibility envelope captures

the intra-hourly characteristics of all resources combined, depending on how the individual

envelopes are prepositioned with respect to their scheduled output levels.

4.4 Probabilistic Planning with Envelopes

We asserted in Chapter 2 that the aggregate flexibility envelope by all resources must

enclose the flexibility requirement envelope, to guarantee adequate system flexibility in

terms of capacity and ramping requirements. Here, we extend the concept to probabilistic

envelope enclosure, by enclosing the pthq percentile flexibility requirement envelopes, where

q is discretized according to Table 4.1 or Table 4.2. Next, we present this novel planning

approach via a simple example.

4.4.1 Problem Setup

Receding Horizon Operation: Fig. 4.3 schematically illustrates flexibility-constrained receding-

horizon planning for a single decision-making epoch. The epoch may represent a single unit

commitment hour, such that the envelopes are computed once at the beginning of each hour.

Here, however, it represents a single economic dispatch period, such that the envelopes are

projected onto the future and are updated in a receding-horizon fashion at every dispatch

step k. As illustrated by Fig. 4.3, the power system is running during the hth hour. The

decision maker must re-dispatch the committed resources to match the new forecast load

`(h + k), by ramping these resources from their previous output levels at time h + k − 1,

subject to ramping constraints. Concurrently, the decision maker must preposition these

resources at time h+k, such that their projected aggregate flexibility envelope encloses the

probability-weighted flexibility requirement envelopes over the upcoming operational hori-
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zon h+k+m, where τ = mT is the envelopes’ receding horizon and T is the discretization

period. There are 12 economic dispatch periods within the single unit commitment hour,

such that the discretization interval is T = 5 minutes and k = 1, . . . , 12. The projected

horizon of the envelopes is set to one hour, such that m = 1, . . . ,M , where M = 12.

h+ k − 1 h+ k

hth hour
m

`(h+ k)

h+ k +M

`(h+ k − 1)

T

Fig. 4.3 Schematic illustration of a single decision making epoch

Net Load Model : A series of twelve 5-minute step changes, {w(k)}12
k=1, is generated ran-

domly from a symmetric Laplace distribution that is characterized by β = 0.05 MW/minute.

The step changes are assumed to be independent and identically distributed (i.i.d.),
√

2β is

the standard deviation, and q
√

2β is the pthq percentile according to Table 4.1 or Table 4.2.

The initial net load `(0) forecast is set to 30 MW. The net load forecasts for the economic

dispatch periods are generated by subsequently adding the random step changes {w(k)}12
k=1

to the initial net load `(0). Fig. 4.4 plots sample realizations of the net load random process

bounded by a flexibility requirement envelopes covering the percentiles in Table 4.1.

Therefore, the power deviation (step change) as a function of τ = mT becomes

∆P (m) =
m∑
i=1

w(i); m = 1, . . . , 12 (4.8)

The standard deviation σP (m) is computed by taking the variance of (4.8) and noting the
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Fig. 4.4 Fifty sample realizations of the net load random process (in blue)
bounded by the flexibility requirement envelopes according to Table 4.1 (in
red).

i.i.d. property1 of {wk}12
k=1, thus yielding

σP (m) =
√
m
√

2β; m = 1, . . . , 12 (4.9)

Here, the Laplace distribution is assumed to hold for all τ = mT , as an approxima-

tion of the actual distributions. Multiplying (4.9) by a factor of q yields the flexibil-

ity requirement envelope covering the pq confidence region. The Laplace PDF is dis-

cretized using 5 percentiles, uniformly according to Table 4.1, such that q ∈ Q where

Q = {1, 2, 3, 4, 5}, or non-uniformly according to Table 4.2, such that q ∈ Q where

Q = {0.158, 0.361, 0.648, 1.138, 4.885}
Flexibility Resources : There is a set Ig of five identical conventional resources providing

flexibility, which have incremental costs {bi}i∈Ig . Table 4.4 shows the cost and flexibility

characteristics of the five resources.

1We recall that the covariance of i.i.d. random variables is zero.
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Table 4.4 Resources’ Capacity, Ramping, and Cost Characteristics

gmax (MW) gmin (MW) R (MW/minute) b ($/MW)

1 10 2 0.0154 20
2 10 2 0.0154 40
3 10 2 0.0154 60
4 10 2 0.0154 80
5 10 2 0.0154 100

4.4.2 Mathematical Program

The following linear program is an extension of the linear program presented in Chapter

2, to represent probabilistic envelope enclosure. The linear program in Chapter 2 used

a single flexibility requirement envelope covering the majority of the probability, whereas

here we use several probability-weighted flexibility requirements envelopes. For the sake of

simplicity, h+ k is replaced by k, since h remains fixed during the same hour of economic

dispatch steps, and h + k + m is replaced by m, since the hour h and dispatch period k

remain fixed while projecting the envelopes over the receding horizon steps m.

Objective: We seek in (4.10) to minimize the cost of dispatching the resources Ig and slacks

S↑↓ at time k. Moreover, we seek to minimize the potential cost of flexibility deployment

over the receding horizon m = 1, . . . ,M , to enclose the probability-weighted flexibility

requirement envelopes, while minimizing the cost of deploying the slack resources e↑↓S over

the horizon m = 1, . . . ,M to help enclose the probability-weighted flexibility requirement

envelopes. The optimal cost must find a balance between these opposing sub-objectives.

min
∑
i∈Ig

bigi(k) + cS
[
S↑(k)− S↓(k)

]
+
∑
q∈Q

M∑
m=1

bi
p(q)− p(q − 1)

2

[
x↑i (m, q)− x↓i (m, q)

]
+
∑
q∈Q

M∑
m=1

cS
p(q)− p(q − 1)

2

[
e↑S(m, q)− e↓S(m, q)

]
(4.10)

This is subject to

Dispatch constraints at k: The combined resources and slack must balance the net load
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at dispatch time k, while respecting the capacity and ramping limitations of resources, as

they ramp from their previous dispatch at time k− 1. The slacks, which effectively consist

of load shedding S↑ and generation curtailment S↓, are assumed to have infinite flexibility

in terms of capacity and ramping.∑
i∈Ig

gi(k) + S↑(k) + S↓(k) = `(k) (4.11)

gmin
i ≤ gi(k) ≤ gmax

i ; i ∈ Ig (4.12)

−Ri ≤ gi(k)− gi(k − 1) ≤ Ri; i ∈ Ig (4.13)

S↑(k) ≥ 0 (4.14)

S↓(k) ≤ 0 (4.15)

Resources Flexibility Envelopes for q ∈ Q, m = 1, . . . ,M and i ∈ Ig: Each resource i ∈ Ig
generates a pair of flexibility potential trajectories x↑↓i (m, q) over the receding horizon

m = 1, . . . ,M , one pair for each q ∈ Q, which are constrained by capacity and ramping

limitations.

gmin
i ≤ x↓i (m, q) ≤ gi(k) (4.16)

gi(k) ≤ x↑i (m, q) ≤ gmax
i (4.17)

−m ·Ri ≤ x↓i (m, q)− gi(k) ≤ 0 (4.18)

0 ≤ x↑i (m, q)− gi(k) ≤ m ·Ri (4.19)

Envelopes Matching for q ∈ Q and m = 1, . . . ,M : The above trajectories x↑↓i (m, q) are

used to enclose each of the q ∈ Q probability-weighted flexibility requirement envelopes—

the right-hand sides of (4.20) and (4.21)—over the receding horizon m = 1, . . . ,M . This

enclosure is supplemented by the slack resources e↑↓S (m, q) which have infinite flexibility like

the dispatch slack resources S↑↓. The evolution of the upper and lower half-segments of

the probability-weighted flexibility requirement envelopes are described on the right-hand
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side of (4.20) and (4.21), respectively.∑
i∈Ig

(
x↑i (m, q)− gi(k)

)
+ e↑S(m, q) ≥ q

√
m
√

2β (4.20)

∑
i∈Ig

(
gi(k)− x↓i (m, q)

)
− e↓S(m, q) ≥ q

√
m
√

2β (4.21)

e↑S(m, q) ≥ 0 (4.22)

e↓S(m, q) ≤ 0 (4.23)

To re-emphasize, the problem (4.10)–(4.23) is solving the economic dispatch at time k

projecting the potential evolution of the net-load up to M sub-hourly time steps ahead.

Therefore, envelopes are always calculated based on the current state of the system when

the economic dispatch is computed. So, if in between the current dispatch time k and

the previous sub-hourly dispatch step k − 1 flexibility has been used, the envelopes of

the resources which have deployed flexibility are updated based on their current operating

point.

Ideally, the Ig resources should have enough flexibility to ramp from the previous time

step k−1, while ensuring there is still enough flexibility to enclose the projected probability-

weighted flexibility requirement envelopes, moving forward. However, due to poor planning

in the past or a lack of sufficient flexibility, the Ig resources may not be able to collectively

position themselves at time step k to balance the current net load or to ensure proper

enclosure of the projected probability-weighted flexibility requirement envelopes moving

forward. Consequently, the decision maker may have to deploy slack resources [in the form

of load shedding (S↑) and generation curtailment (S↓)] to avert dispatch infeasibility.

On the other hand, deploying the dispatch slacks S↑,↓ is undesirable and thus should be

priced much higher than the other resources—in this example, they are priced at $1000 per

MW per hour. They are to be used as a last resort when the problem becomes infeasible.

To this end, the feasibility at k can be improved by relaxing the enclosure of the probability-

weighted flexibility requirement envelopes—via the use of slack resource e↑S and e↓S in (4.20)–

(4.23). However, relaxing future flexibility requirements should also come at a cost, since

it may lead to poor prepositioning of the Ig resources at the current time, which, in turn,

may affect future flexibility availability. As such, the cost of envelope relaxation is reflected
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in the third line of (4.10), which is also priced at $1000 per MW per hour in this case.

Hence, the problem in (4.10)–(4.23) becomes that of balancing the current flexibility

requirement (i.e. the ability to ramp from the previous dispatch time step to a feasible

positioning at the current time step) with the future flexibility requirement (i.e. enclosing

the projected probability-weighted flexibility requirement envelopes), while balancing the

system’s current net load. The trade-off depends on how the Ig resources, the slack re-

sources and the envelope’s slack variables are priced relative to one another in (4.10), given

the relative probabilities of having to enforce specific envelopes.

4.4.3 Results and Discussion

We simulate seven economic dispatch policies, indicated in Table 4.5. For each of the first

five policies, Q is set in the mathematical program to one of the values from Table 4.2,

while the terms [p(q) − p(q − 1)]/2 are removed from the objective function (4.10). This

constitutes the deterministic envelope enclosure presented in Chapter 2.

Table 4.5 Simulated Economic Dispatch Policies

Policy Envelope Enclosure

1 single envelope enclosing the 20th percentile
2 single envelope enclosing the 40th percentile
3 single envelope enclosing the 60th percentile
4 single envelope enclosing the 80th percentile
5 single envelope enclosing the 99.9th percentile
6 non-uniform probabilistic according to Table 4.2
7 uniform probabilistic according to Table 4.1

There are J = 1500 one-hour long economic dispatch runs carried out for each dispatch

policy, by generating 1500 net load realizations as described in Section 4.4.1. This is done

to collect sufficient empirical data, to benchmark the three dispatch policies.

Performance Metrics : To assess the quality of the dispatch decisions made through the

various policies, we calculate the energy served for each realization j (ESi,j) and the ex-

pected energy served (EESi) by each resource i. In addition, we compute the energy not

served (ENSj) and the energy curtailed (ECj) for each realization j, from which we obtain

the expected energy not served (EENS) and the expected energy curtailed (EEC) for all J
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realizations of the net load random process.

ESi,j = T

K∑
k=1

gi,j(k); i = 1, . . . , I;j = 1, . . . , J (4.24)

EESi,J =
1

J

J∑
j=1

ESi,j; i = 1, . . . , I (4.25)

ENSj = T
K∑
k=1

S↑j (k); j = 1, . . . , J (4.26)

EENSJ =
1

J

J∑
j=1

ENSj (4.27)

ECj = T
K∑
k=1

−S↓j (k); j = 1, . . . , J (4.28)

EECJ =
1

J

J∑
j=1

ECj (4.29)

where gi,j(k), S↑i,j(k) and S↓i,j(k) correspond to the realizations of the economic dispatch

decisions at time step k for random net load realizations j = 1, . . . , J .

Because of the power balance imposed by (4.11), the sum of the expected values (4.25)–

(4.29) should converge to the expected net load energy (ENLE) requirement

ENLEJ =
T

J

J∑
j=1

K∑
k=1

`j(k) (4.30)

which should be 30 MWh, given the initial net load forecast was set to 30 MW, and the

Laplace-distributed net load variability model in Section 4.4.1 is symmetric about zero. The

J = 1500 simulations were sufficient, to achieve satisfactory convergence of the empirical

expectations defined above.

Fig. 4.5 plots the expected energy served (EES) by the Ig resources, to meet the ENLE

requirement. As shown, dispatch policies 2–4 performs the worst, in the sense that they do

not fully meet the ENLE requirement of 30 MWh—the remainder is covered by the slack re-

sources. Moreover, they poorly utilize the second cheapest resource, when compared to the

more expensive ones. Policies 1 (enclosing 20%) and 5 (enclosing 99.9%) perform similarly
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in terms of utilizing the Ig resources, but still do not fully meet the ENLE requirement,

as well. On the other hand, the probabilistic policies 6 and 7 perform the best in utilizing

the Ig resources to fully meet the ENLE requirement.
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Fig. 4.5 Stacked plot of the expected energy served (EES) by the Ig re-
sources. The resources are stacked upward from the cheapest to the most
expensive, starting from the bottom.

Fig. 4.6 plots the expected energy not served (EENS). Clearly, policies 2–4 perform the

worst in reducing EENS, whereas policy 1 (enclosing 20%) outperforms policy 5 (enclosing

99.9%). Thus, the most stringent envelope (under policy 5) does not necessarily result in

better EENS values. In contrast, the probabilistic policies 6 and 7 outperform all other

policies, in terms of substantially reducing EENS.

On the other hand, Fig. 4.7 plots the expected energy curtailed (EEC). The probabilistic

policies 6 and 7 performed the worst in terms of reducing EEC. However, the EEC values

are negligible compared to the EENS values. Overall, the probabilistic policies, 6 and 7,

outperform all other policies in terms of reducing combined EENS and EEC.

Fig. 4.8 and Fig. 4.9 plot the expected dispatch cost of the Ig resources and the total

expected cost (including costs of EENS and EEC), respectively. The poor performance

of policies 2–4 can be justified by their quest to reduce the expected dispatch cost of the

Ig resources, but end up incurring the highest total expected cost, when factoring in the
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Fig. 4.6 Plot of expected energy not served (EENS).
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Fig. 4.7 Plot of expected energy curtailed (EEC).
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costs of EENS and EEC. In contrast, policies 1 and 5 favored reducing the total expected

cost at the expense of a higher expected dispatch cost. Again, the total expected cost

shows that the most stringent envelope (under policy 5) does not necessarily translate to

better savings. On the other hand, the probabilistic policies, 6 and 7, outperformed all the

other policies in terms of reducing the total expected cost, albeit at the expense of a higher

expected dispatch cost.
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Fig. 4.8 Plot of expected dispatch cost of the Ig resources.

Therefore, there are advantages to probabilistic envelopes planning over planning with

a single deterministic envelope. Clearly, the probabilistic policies achieve the best balance

between the aforementioned opposing sub-objectives, because they take into consideration

the probability distributions enclosed within the envelopes. Finally, there seems to be a

noticeable advantage in using the uniform discretization (policy 7) over the non-uniform

discretization (policy 6). This tells us that uniformly distributed envelopes (of policy 6) are

more effective at capturing the uncertainty, when compared to non-uniformly distributed

envelopes (of policy 7). In policy 7, the envelopes are concentrated more towards the

center of the Laplace distribution and are not capable of capturing the tails of the net load

distribution.

Last but not least, we opted not to solve the described problem via a scenario-based
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Fig. 4.9 Plot of overall expected cost including costs of EENS and EEC.

stochastic approach. This is because of the intractable computational complexity of model-

ing the stochastic scenarios over 12 intra-hourly time steps, solving the stochastic program

in a receding-horizon fashion, and simulating J realizations of the net load—to collect

sufficient data for computing the expected values. Moreover, we can see from the figures

that the performance of the probabilistic envelopes approach is very close to the ideal

operation—i.e. merit-order dispatch with zero EENS and EEC values. Therefore, we ex-

pect the comparison between the probabilistic envelopes approach and the scenario-based

stochastic approach to be a close one. After all, the purpose of proposing the probabilistic

envelopes approach was to provide a computationally viable alternative to stochastic plan-

ning, especially on the intra-hourly timescale involving receding-horizon economic dispatch.

4.5 Conclusion

In this Chapter, we proposed a probabilistic planning approach, as an alternative to stochas-

tic optimization for operations planning in a power system with significant proportions of

RES. The approach extends Chapter 2 from planning with a single deterministic flexibility

requirement envelope to planning with several probability-weighted flexibility requirement
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envelopes. By acknowledging the probability of scenarios enclosed within each envelope, we

end up reducing the overall expect costs, as well as improving system reliability via reducing

EENS and EEC. The advantage of the proposed probabilistic formulation is circumventing

the exorbitant computational costs incurred by stochastic optimization and circumventing

the complexity of scenario construction and reduction techniques.
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Chapter 5

Dynamical Planning With Flexibility

Envelopes

Traditionally, the planning of operating reserve has been done in terms of capacity and

average constant ramping requirements, whereas the newly emerging concept of power sys-

tem flexibility puts emphasis on resources’ maneuverability, as well as accurately capturing

the intra-hourly variability and uncertainty resulting from significant penetration of renew-

able power generation. However, the traditional reserve paradigm is deemed impeding to

the notion of flexibility, whereas there is yet to be a proper way of defining power system

flexibility. To that end, we re-think the fundamental meaning of reserve with respect to

the emerging concept of flexibility and present a new flexibility modeling framework. We

characterize flexibility provision and flexibility requirements via dynamical envelopes that

can reflect the higher-order dynamics of power system resources and those of variability and

uncertainty. We assert that flexibility adequacy is directly related to how well the aggregate

flexibility envelope formed by flexibility resources encloses the flexibility requirement enve-

lope and its dynamics over operational planning horizons. An optimal flexibility planning

problem with envelopes is formulated, followed by examples involving unit commitment

and economic dispatch.

5.1 Introduction

There is yet to be consensus across industry and academia on the exact definition of op-

erating reserve [62], let alone defining the emerging concept of power system flexibility [5].
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The consensus, however, is that operating reserve needs to be flexible enough to deal with

the variability and uncertainty arising from the integration of renewable energy sources

(RES). Still, the traditional reserve paradigm permeates the state-of-the-art research on

power system flexibility and restricts flexibility to capacity and average constant ramping

assumptions. In contrast, we envision power system flexibility to be more dynamic, as the

trajectories of resources and the net load maneuver over operational horizons. The higher-

order dynamics of these trajectories may contain valuable information about flexibility

provision (coming from resources) and flexibility requirements (coming from the net load,

i.e. load less non-dispatchable generation). Thus, to expose such higher-order flexibility

features, there is a need to move beyond the traditional paradigm.

In Chapter 1, we performed an extensive review of several key papers within the area

of power system flexibility and its operational scheduling; see [50, 63, 25, 9, 16, 23] among

many others for some of the most relevant contributions. In Chapter 2, we proposed the

concept of flexibility envelopes to capture and manage intra-hourly reserve requirements as

an alternative approach to traditional operating reserve scheduling methods in the pres-

ence of significant renewable power generation. The proposed concept permitted us to

preposition dispatchable resources ahead of time, such that their aggregate flexibility en-

velope encloses—over the operational horizon—the flexibility requirement envelope arising

from the net load’s variability and uncertainty. By doing so, the power system was guar-

anteed to have sufficient flexibility to provide frequency control and load following on all

intra-hourly time scales, not just the ten-minute (primary and secondary reserves) and the

sixty-minute (tertiary reserve) durations. The example provided illustrated the advantage

of the proposed flexibility envelope paradigm, by reducing the expected energy not served

and the expected energy curtailed, as well as by tightening their empirical distributions.

The lesson to take from this work was that power system flexibility should not be limited

to the traditional reserve types. It is rather a spectrum of reserve requirements spanning

the full range of intra-hourly time scales, which transcends the traditional paradigm.

In this chapter, we extend the flexibility envelopes concept by characterizing operating

reserve dynamically. Frequency control and load following are cast from the view that

power system resources should have sufficient collective flexibility to track well enough

all plausible net load trajectories. For this, we take a time-domain trajectorial approach

to quantifying the dynamical behavior of flexibility requirements and flexibility provision

over operational horizons. We use envelopes to bound all plausible realizations of the net
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load random process and all feasible output trajectories of a power system resource (or an

aggregate of resources). We assert, by enclosing (tracking) the net load’s envelope (i.e.,

the flexibility requirement envelope), trackability of all bounded realizations of the net load

random process is guaranteed; this constitutes an adequate level of system flexibility.

Through this proposal, the extended concept of flexibility envelopes is set to replace

classical reserve types with a continuous spectrum of reserve, thus alleviating the lack of

consensus mentioned earlier. In fact, regulation and load-following actions occur simul-

taneously as resources change their output levels in real time, thus making the temporal

separation between the different reserve types unwarranted, especially for practical time-

invariant power system planning problems. As a side-benefit of the envelope tracking ap-

proach, we come to propose a flexibility-constrained mixed-integer linear unit commitment

formulation which can model adequately the dynamics of power system resource ramp-

ing processes, in comparison to constant maximum ramping assumptions regularly found

in the state-of-the-art, e.g., [64]. Moreover, experimental results show how the dynamic

flexibility envelope tracking approach is more cost effective at both the unit commitment

and economic dispatch stages. It does so while still providing the similar levels of system

reliability provided by traditional unit commitment and economic dispatch approaches.

5.2 Preliminaries

5.2.1 Variability vs Uncertainty

In reference to [20], variability arises because the net load has a maximum output limit

that changes with time, whereas uncertainty arises because this maximum limit is unknown

with perfect accuracy. Alternatively, we redefine variability and uncertainty in line with

the trajectorial analysis presented in this chapter. Essentially, the two definitions are the

same; the former looking at a certain point in time, whereas the latter looking at it as a

function of time.

The net load random process is a collection of real-valued functions (realizations) that

are parameterized by time τ . Fig. 5.1 shows several realizations, v(τ ; k), of the net load

random process over the horizon τ ∈ [0, H], as seen from the present time k (τ = 0).

Uncertainty is defined by the fact there are many plausible realizations the net load random

process can take on, whereas variability is defined by the time-varying behavior of each of
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the realizations, as they evolve over the operational horizon.

e↑v(τ ; k)

e↓v(τ ; k)

`(k)

`max

`min

v(τ ; k)

k +H+k
Time

Power (p.u.)

Fig. 5.1 Schematic illustration of net load variability and uncertainty.

The flexibility requirement envelope is defined such that it encloses all plausible realiza-

tions of the net load random process (i.e. uncertainty), as well as the nth-order dynamics

that capture the time-varying behavior of each of the realizations (i.e. variability). The

envelope is represented by the trajectories e↓v(τ ; k) and e↑v(τ ; k) in Fig. 5.1. The enve-

lope’s trajectories, themselves, are realizations of the net load random process and exhibit

maximum magnitude of deviation from `(k), the net load forecast level.

5.2.2 Relevance to Tracking Theory

Fundamentally, reserve is deployed to nullify deviations in the system frequency by restor-

ing and maintaining balance between supply and demand. Ideally, frequency deviations

should never occur if the net load is tracked perfectly by the aggregate response of re-

sources. That is, perfect tracking is achieved when the aggregate response of resources is

capable of producing a trajectory equal to the net load realization over the operational

horizon. Therefore, we premise here that power system flexibility is essentially a measure

of trackability—the ability of the aggregate response of resources to track any realization

of the net load random process over the operational horizon.

In order to achieve trackability of all net load realizations, the aggregate response of

available power system resources must be capable of matching the whole range of nth-order
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derivatives pertaining to all realizations of the net load random process. For instance,

consider two trajectories, x1(τ) and x2(τ). They are said to be equal over the horizon

τ ∈ [0, H], if they start at the same level:

x1(0) = x2(0) (5.1)

and their nth-order derivatives are equal:

dn

dτn
x1(τ) =

dn

dτn
x2(τ) ∀τ ∈ (0, H) (5.2)

This information can be compactly summarized by the flexibility requirement envelope

and the aggregate flexibility envelope of resources. Our assertion here is that enclosing the

flexibility requirement envelope by the aggregate flexibility envelope of resources will achieve

trackability of all net load realizations bounded by the flexibility requirement envelope, thus

guaranteeing adequate system flexibility.

In comparison, the current approach in power system operation is that resources move

from one operating point to another in an affine (average linear) ramping fashion. This can

be regarded as a relaxation (or approximation) of the stringent trackability premise adopted

here. Average ramping appears because resources are required to ramp linearly to the 10-

minute (primary and secondary) and the 60-minute (tertiary) reserve levels within 10 and

60 minutes, respectively, on average regardless of the intra-hourly behavior. Whether or

not such practices remain viable under high variability and uncertainty—in modern power

systems admitting increasing levels of RES—should be the subject of further research. For

instance, one may ask what would be the impact of discarding higher-order dynamics on the

ability of operating reserve to nullify frequency deviations in due time, so as not to violate

the standard reliability criterion. The proposed flexibility assessment framework should

facilitate answering such questions in the future. Finally, we underline that in practice

perfect tracking will never be possible and, as a result, frequency excursions would continue

to happen in real time operation. What we propose here, however, should contribute in

reducing their prevalence and their magnitude through more appropriate representations

of net load and power system resource dynamics.
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5.2.3 State-Space Interpretation

Time-invariant power system resources and stationary net load random processes are im-

plicitly independent of time, thus permitting the use of state-space methods in defining the

notion of flexibility. Equally important, it emphasizes on the time-independent characteri-

zation of flexibility, as opposed to the time-dependent categorization of operating reserves

used currently. This constitutes a major departure from the current interpretations and

understandings. However, we argue that this new interpretation should be beneficial in

how it can describe more simply the dynamic capabilities of reserve resources, which are

driven by the dynamic requirements of net load variability and uncertainty.

Consider, for instance, the state vector as a tuple of nth-order derivatives—capacity

being the zeroth-order—in Rn. Looking at Fig. 5.2, the reachable set in Rn of a power

system resource at τ , where τ ∈ [0, H+], can be constructed by considering all states

visited from k up till k + τ , traversing all feasible trajectories forward in time. This

assesses flexibility delivery. Likewise, the controllable set in Rn at τ , where τ ∈ [−H−, 0],

can be constructed by considering all the states visited from k up till k − τ , traversing

(extending) all feasible trajectories backward in time. This assesses flexibility recovery or

regeneration. The same can be said for the net load random process by considering all

its plausible realizations both forward and backward in time. Here, the net load random

process is assumed to be stationary, in comparison to the time-invariance property of a

power system resource.

Henceforth, trackability implies that at every τ , where τ ∈ [0, H+], the reachable set

of the aggregate response of the available power system resources is a superset of the

reachable set of the net load random process, and that at every τ , where τ ∈ [−H−, 0], the

controllable set of the aggregate response of resources is a superset of the controllable set

of the net load random process, given the same initial conditions at τ = 0.

5.3 The Flexibility Envelope of a Power System Resource

Before we begin, we let the index k correspond to the actual operational time, whereas

the index τ ∈ [−H−, H+] corresponds to the envelope’s evolution time (i.e. the receding

horizon [65]). H− is chosen such that the backward-in-time evolution of the envelope is

sufficient to reach the minimum and maximum output levels, whereas H+ is chosen such
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e↑x(τ ; k)

e↓x(τ ; k)
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x(τ ; k)
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Fig. 5.2 Schematic illustration of the flexibility envelope of a resource.

that the forward-in-time evolution of the envelope is sufficient to reach the minimum and

maximum output levels, as well.

Reserve is deployed when the actual output of a power system resource over the horizon

deviates from the present output level, y(k). Looking at Fig. 2.4, let x(τ ; k) represent

a feasible output trajectory of a power system resource over the horizon τ ∈ [0, H+], as

seen from the present time k, where x(0; k) = y(k). Here, we assume that x(τ ; k) is n-

times continuously differentiable on the interval τ ∈ [0, H+]. Thus, the set of all feasible

trajectories, x(τ ; k) ∈ X , represents the flexibility potential of a power system resource

over the horizon τ ∈ [0, H+].

There exist two feasible trajectories e↑x(τ ; k) ∈ X and e↓x(τ ; k) ∈ X that constitute

the flexibility envelope of a power system resource over the horizon τ ∈ [0, H+]. Look-

ing at Fig. 2.4, the envelope also extends backward in time from τ = 0 to τ = −H−.

The half-envelope e↑x(τ ; k) evolves monotonically upward whereas the half-envelope e↓x(τ ; k)

evolves monotonically downward as τ varies from −H− to H+. The envelope’s evolution

over τ ∈ [0, H+] assesses the ability to ramp away from the present output level y(k),

whereas the envelope’s evolution over τ ∈ [−H−, 0] assesses the ability to ramp back to the

present output level y(k). That is, ramping away from y(k) constitutes flexibility genera-

tion/delivery, whereas ramping back to y(t) constitutes flexibility regeneration/recovery.

The two half-envelopes must cross each other at y(k), when τ = 0, thus satisfying the
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initial condition

e↓x(0; k) = e↑x(0; k) = y(k) (5.3)

The envelope must also be able to reach and come back from the maximum/minimum

output levels, thus satisfying the boundary conditions

e↓x(−H−; k) = e↑x(H
+; k) = Pmax (5.4)

e↑x(−H−; k) = e↓x(H
+; k) = Pmin (5.5)

The flexibility envelope of a power system resource must enclose its flexibility potential

X . That is, for any feasible trajectory x(τ ; k) ∈ X , its nth-order derivatives are bounded,

from above and from below, by the nth-order derivatives of the upward e↑x(τ ; k) and down-

ward e↓x(τ ; k) flexibility half-envelopes, respectively. To see this, as we refer to Fig. 2.4,

we pick a point on the trajectory x(τ ; k) at τ = s and draw a horizontal line intersecting

the downward and upward flexibility half-envelopes at τ = s1 and τ = s2, respectively. If

the trajectory x(τ ; k) is moving downward at τ = s, its nth-order derivatives evaluated at

τ = s are bounded from below by those of the downward flexibility half-envelope e↓x(τ ; k),

evaluated at τ = s1:

dn

dτn
x(τ ; k) |τ=s≥

dn

dτn
e↓x(τ ; k) |τ=s1 (5.6)

On the other hand, if the trajectory x(τ ; k) is moving upward at τ = s, its nth-order

derivatives evaluated at τ = s are bounded from above by those of the upward flexibility

half-envelope e↑x(τ ; k), evaluated at τ = s2:

dn

dτn
x(τ ; k) |τ=s≤

dn

dτn
e↑x(τ ; k) |τ=s2 (5.7)

We stress that the comparison of the nth-order derivatives is carried out by drawing

a horizontal line intersecting the trajectory and the flexibility half-envelopes at the same

output level. It is not carried out by drawing a vertical line intersecting the trajectory

and the flexibility half-envelopes at the same time instant. This re-emphasizes the time-

independent characterization of flexibility that we seek to achieve for time-invariant power

system planning. This is where we depart from the traditional time-based characterization
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of operating reserve. Finally, the envelope’s equations, themselves, are feasible trajectories

of the power system resource. Any two feasible trajectories that do not enclose the flexibility

potential are not proper candidates for defining a resource’s flexibility envelope.

Example

Consider a power system resource modeled as a first-order linear time-invariant system:

10
d

dτ
x(τ) + x(τ) = f(τ) (5.8)

0 ≤ f(τ) ≤ 10 MW (5.9)

where x(τ) is the power output trajectory, and f(τ) is a trajectory of the resource’s power

output set point. Thus, given its capacity constraints, the flexibility potential of the re-

source, as represented by the shaded region in the phase-plane of Fig. 5.3, is bounded by

the two maximal phase-plane trajectories

d

dτ
e↑x(τ) = 1− e↑x(τ)

10
(5.10)

d

dτ
e↓x(τ) = −e

↓
x(τ)

10
(5.11)

0 ≤ e↑↓x (τ) ≤ 10 MW (5.12)

Note that τ appears only as a parameter in the equation, which implies that flexibility

characteristics are implicitly independent of time.

By inspection of Fig. 5.3, a power system resource can operate at any point within the

shaded parallelogram. For instance, the phase-plane representation says that a resource

operating at a low output can ramp correspondingly faster than a resource already operating

near its maximum power output. This kind of representation is commensurate of power

system resources responding as first-order lags to step changes to their power output set

points. Moreover, this representation is closer to the reality of physical power system

resources (thermal generators, especially) as it accounts for the natural dynamic response

of resources to changes in their power set points.1

1In the general case where the restrictions on the states of the system included orders of n ≥ 2, one
would establish a similar phase-space region within which the resource’s state could evolve.
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Given, for instance, that x(k) = 3 MW at τ = 0, we integrate along the two maximal

phase-plane trajectories, both forward and backward in time, to yield the time-domain flex-

ibility envelope of the power system resource shown in Fig. 5.4. To show how the flexibility

envelope encloses all flexibility deployment trajectories by the resource, we solve (5.8) for

randomly generated f(τ) trajectories, given x(k) = 3 MW at τ = 0. As shown in Fig. 5.4,

the simulated trajectories of flexibility deployment are enclosed, both in capacity and first-

order ramping, by the flexibility envelope of the resource. The simulated trajectories are

jittery due to the first derivative of f(τ) being unconstrained. Thus, this leads to uncon-

strained second-order derivatives for x(τ), for which the lack of modeling the second-order

derivative may overestimate the ramping capability of the flexibility resource in real time.

Finally, when plotting the simulated trajectories in the phase-plane of Fig. 5.3, they should

remain within the shaded parallelogram.
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Fig. 5.3 Phase-plane characteristics of a power system resource, indicating
the range of ramp rates the resource can sustain (y-axis) depending on its
output level (x-axis).

In addition, the dashed envelope lines in Fig. 5.4 represent the same resource given a

maximum constant (average) ramping assumption, which is also illustrated by the dashed

phase-plane lines in Fig. 5.3. Such operations are deemed less flexible and could subject the

resource to physical stress and potential damage when corresponding operating points lie
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Fig. 5.4 Flexibility envelope of a power system resource.

outside of the shaded parallelogram of Fig. 5.3. We refer the interested reader to [66], which

addressed extra wear and tear cost implications of generation ramping processes. Later on,

we will show how the use of a dynamic ramp profile can, in fact, provide more flexibility

and be more cost-effective than the use of a maximum constant ramp assumption.

5.4 The Envelope of Flexibility Requirements

Let v(τ ; k) represent a realization of the net load random process over the horizon τ ∈
[0, H+], as seen from the present time, such that v(0; k) = `(k), where `(k) is the net load

persistence forecast at time k. All possible such realizations form the set V and are assumed

to be n–times continuously differentiable. Comparing Fig. 5.5 to Fig. 2.4, v(τ ; k) replaces

x(τ ; k), the subscript v replaces the subscript x, `max replaces Pmax, `min replaces Pmin, and

`(k) replaces y(k). Avoiding unnecessary repetition, defining the flexibility requirement

envelope and envelope enclosure is similar to that of Section III. In other words, the net

load is considered as another dynamical resource connected to the grid, albeit partially con-

trollable. Furthermore, we re-emphasize that the flexibility requirement envelope encloses

both variability and uncertainty arising from the net load random process.
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Fig. 5.5 Schematic illustration of the flexibility requirement envelope.

Example

In this example, we use the load and wind data for the BPA balancing area [59]. There are

roughly 89 000 samples which are used to compute the net load time series `(k), where k is

the index of the kth sample in the dataset. Next, the nth-order forward difference is used

to approximate the nth-order derivative at each sample:

`(n)(k) ≈ `(n−1)(k + 1)− `(n−1)(k)

T
(5.13)

where T = 5 minutes is the sampling period—the size of the sampling period affects the

accuracy of the approximation, as the order of n increases. Fig. 5.6 shows a plot of the

tuple (`(k), `(1)(k), `(2)(k)) using 1000 randomly chosen samples from the dataset, which

constitutes a three-dimensional net load dynamical phase-plane.

Furthermore, we compute the nth-order differences for n = 3, 4. Table 5.1 shows the

minimum, maximum, mean, and variance of the dataset for `(n)(k), where n = 0, . . . , 4. The

question becomes what is the cutoff order of n beyond which the higher order derivatives

can be discarded? To answer this question, next we introduce a preliminary method based

on a simplified principal component analysis (PCA) [67]. The goal here is to eliminate the

higher-order derivatives having the least impact on the variance in the dataset, where we

take the variance in the dataset as a measure of variability and uncertainty in the net load.
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Fig. 5.6 Plot of (`(k), `(1)(k), `(2)(k)) and their corresponding projections
for 1000 randomly chosen samples from the BPA net load dataset.

Table 5.1 Characteristics of nth-Order Differences (Values Are ×102)

`(k) `(1)(k) `(2)(k) `(3)(k) `(4)(k)

Min 5.10 −3.68 −1.46 −0.437 −0.129

Max 99.2 3.64 1.08 0.446 0.176

Mean 48.9 < 10−4 < 10−6 < 10−6 < 10−7

Var. 2.44× 104 1.41 0.101 0.0125 0.00170
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PCA provides a systematic way of reducing the dimensionality of large datasets ex-

hibiting many features (i.e., dimensions). In our case, the rows of the dataset represent the

89 000 samples, whereas the columns of the dataset represent the capacity and nth-order

derivatives (i.e. the features or dimensions). Thus, PCA ranks the impact of the nth-order

derivatives on variance in the dataset, with respect to capacity. Out of the various ap-

proaches to PCA, here, we take the eigenvalue decomposition approach, which calculates

the eigenvalues of the covariance matrix of the dataset. In the interest of space here, we

only show the corresponding eigenvalues

λ =


2.44× 106

1.46× 102

6.30× 100

2.52× 10−1

6.12× 10−3

 . (5.14)

The eigenvectors of the covariance matrix constitute a new set of orthonormal dimensions

that best describe the variance in the dataset, by reducing the noise (information-less) and

redundancy (linear dependence) therein [68]. The eigenvectors having the highest corre-

sponding eigenvalues form the principal components (dimensions) of the dataset, whereas

the other dimensions may be removed without much loss of information.

The eigenvalues λ in (5.14) suggest that the capacity dimension contributes the most to

variance in the dataset, whereas the first-order ramp contributes the most to variance, with

respect to the other higher-order ramps. Therefore, we choose n = 1 as the cutoff order

and we shall discard the rest for the remaining portions of our discussion. Note, however,

that this is a feature of the current dataset being used here. Other net load datasets may

warrant the use of more dimensions, yet this is probably unlikely given the time constants

of most large wind turbines, for example. On other hand, this may not be the case in solar

photovoltaics-dominated systems.

Fig. 5.7 shows a scatter plot in the phase plane of the capacity (n = 0) and first-order

difference (n = 1) of the BPA dataset. In the spirit of the proposal here, one can fit a

phase plane envelope to enclose the vast majority of observed capacity-ramp realizations.

This envelope would then translate into the time domain into a flexibility requirement

envelope which should enclose the vast majority of possible time domain realizations of the
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net load process. For the purpose of this example, the phase plane envelope was fitted to

two quadratic polynomials (red lines) to cover the dataset scatter plot. The corresponding

polynomials are

d

dτ
e↑v(τ) = −1.73(e↑v(τ)− 4500)2 + 35 (5.15)

d

dτ
e↓v(τ) = 1.94(5250− e↓v(τ))2 − 35 (5.16)

1000 MW ≤ e↑↓v (τ) ≤ 9000 MW (5.17)

In reality, more systematic approaches based on the empirical probability distribution of

the dataset cluster are desired; this, however, is left to future research. Moreover, it remains

that the resulting envelope corresponding to net load observations has to be updated with

time to reflect changes in the power system’s generation mix, the topology of its network

and/or operational practices.

Given `(k) = 5000 MW at τ = 0, the flexibility requirement envelope is generated by

integrating along the phase-plane polynomials, starting at `(k) = 5000 MW. Fig. 5.8 plots

the flexibility requirement envelope (solid lines), as well as randomly chosen sample trajec-

tories from the dataset passing through 5000 MW. As shown, the flexibility requirement

envelope encloses the capacity and first-order ramping of the sample trajectories. Moreover,

it takes about 400 minutes for the envelope to reach maximum variability.
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Fig. 5.7 Phase-plane characteristics of BPA’s net load dataset.
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Fig. 5.8 Plot of the flexibility requirement envelope of BPA’s net load
dataset.

Moreover, the dashed envelope lines in Fig. 5.8 represent the flexibility envelope com-

puted statistically from the net load time series as in Chapter 2. The envelope is also

plotted (dashed lines) in the phase-plane of Fig. 5.7. As shown, the statistically averaged

envelope from Chapter 2 is less stringent than the dynamical envelope proposed here. It

also shows how the ramping rate of the net load is assumed to remain relatively constant on

the envelope, since the dashed lines in Fig. 5.7 represent a near constant ramp-rate profile

(as seen in Fig. 5.3).

5.5 Flexibility Adequacy Assessment

5.5.1 Flexibility Aggregation

Let h(τ ; k) represent the trajectory formed by aggregating power system resources, such

that

h(τ ; k) =
∑
i

xi(τ ; k) (5.18)

All feasible trajectories h(τ ; k) belong to the set H of aggregate resources trajectories for a

given configuration. There exist two feasible aggregate trajectories {e↓v(τ ; k), e↑v(τ ; k)} ⊂ H
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constituting the aggregate flexibility envelope enclosing the set H, in line with the envelope

enclosure defined in Section 5.3.

5.5.2 Envelope Enclosure

Looking at Fig. 5.9, we are interested in evaluating how well the aggregate flexibility en-

velope of resources, {e↓h, e↑h}, encloses the flexibility requirement envelope, {e↓v, e↑v}. This is

eh(τ ; k)`(k)

`max

`min

k +H+kk −H−

ev(τ ; k)

Power (p.u.)

Time

s2s1s

Fig. 5.9 Illustration of flexibility requirement envelope enclosure.

slightly different from envelope enclosure defined in Section 5.3, which seeks to enclose a

set of trajectories by an envelope, whereas here we seek to enclose an envelope by another.

To begin with, the two envelopes {e↓h, e↑h} and {e↓v, e↑v} must satisfy the initial condition

e↓h(0; k) = e↑h(0; k) = e↓v(0; k) = e↑v(0; k) = `(k) (5.19)

which ensures power balance at the forecasted net load level. The envelopes must also

satisfy the boundary conditions

e↓h(−H−; k) = e↑h(H
+; k) ≥ `max (5.20)

e↓v(−H−; k) = e↑v(H
+; k) = `max (5.21)

e↓h(H
+; k) = e↑h(−H−; k) ≤ `min (5.22)

e↓v(H
+; k) = e↑v(−H−; k) = `min (5.23)
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which ensure adequate capacity (i.e. n = 0).

To ensure adequate nth-order ramping capability, enclosing the flexibility requirement

envelope by the aggregate flexibility envelope of power system resources entails the nth-order

derivatives of the upward aggregate flexibility half-envelope e↑h(τ ; k) bound from above

the nth-order derivatives of the upward flexibility requirement half-envelope e↑v(τ ; k); see

Fig. 5.9. This is done by drawing a horizontal line intersecting both upward half-envelopes

at the same output level at τ = s and τ = s1. The nth-order derivatives evaluated at τ = s

and τ = s1 are such that

dn

dτn
e↑h(τ ; k) |τ=s1≥

dn

dτn
e↑v(τ ; k) |τ=s (5.24)

for any n ≥ 1. This enclosure also entails the nth-order derivatives of the downward

aggregate flexibility half-envelope e↓h(τ ; k) bound from below the nth-order derivatives of the

downward flexibility requirement half-envelope e↓v(τ ; k). Likewise, this is done by drawing

a horizontal line intersecting both downward half-envelopes at the same output level at

τ = s and τ = s2. The nth-order derivatives evaluated at τ = s and τ = s2 are such that

dn

dτn
e↓h(τ ; k) |τ=s2≤

dn

dτn
e↓v(τ ; k) |τ=s (5.25)

for any n ≥ 1.

Again, the comparison is carried out by drawing a horizontal line intersecting the two

envelopes at the same output level and comparing the nth-order derivatives at the intersec-

tion points. This enables us to seek time-independent evaluation of flexibility adequacy in

time-invariant power system planning, in contrast to the traditional time-based evaluation

of operating reserve.

5.5.3 Flexibility Adequacy of Envelope Enclosure

Now, assuming adequate flexibility already exists in the power system, for every net load

realization, v(τ ; k) ∈ V , the aggregate response of flexibility resources can generate an equal

trajectory, h(τ ; k) ∈ H, such that

h(τ ; k) = v(τ ; k) ∀τ ∈ [0, H+] (5.26)
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This implies that V ⊆ H which, in turn, leads to the aggregate flexibility envelope of

resources enclosing the flexibility requirement envelope. This is because the trajectories

constituting the flexibility requirement envelope are elements in the set V which is a subset

of the set H.

Conversely, enclosing the flexibility requirement envelope by the aggregate flexibility

envelope of resources implies that for every net load realization v(τ ; k), the aggregate

response of resources is capable of generating an equal trajectory h(τ ; k). This can be

achieved by tracking the flexibility requirement envelope during planning, which ensures

the aggregate flexibility envelope is at least equal to the flexibility requirement envelope, as

per the trackability premise in (5.1)–(5.2). The converse is more interesting from a flexibility

planning perspective for guaranteeing adequate system flexibility moving forward.

5.6 Dynamical Planning with Envelopes

5.6.1 Min-Max Approach to Envelope Tracking

The flexibility requirement envelope consists of two net load realizations which have the

maximum deviations (in the nth-order derivatives) but the lowest probabilities of occurring

among all other net load realizations enclosed within. In other words, they represent the

limit behavior (or limit trajectories) of the net load random process. As per the converse

statement stated earlier, tracking the two limit trajectories, while subjecting the resources’

trajectories to their flexibility envelopes, is sufficient to ensure envelope enclosure and,

consequently, ensure adequate system flexibility.

Dynamically tracking the flexibility requirement envelope constitutes a min-max opti-

mal control problem. From a min-max perspective, we seek “the minimum over the control

input of the maximum over the disturbance” [60]. Employing this approach, we want to

minimize the cost of tracking the two limit trajectories of the net load random process,

while satisfying constraints on the dynamics of the flexibility resources. This ensures ro-

bustness against the additive disturbances arising from the net load random process, as

long as the maximum over the disturbance (i.e. the envelope) can be tracked.
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5.6.2 Optimal Envelope Tracking Problem

We are interested in minimizing a cost functional, subject to envelope enclosure over the

horizon τ ∈ [−H−, H+]. The present time k occurs at τ = 0 which is the point of inter-

section of the two envelopes and represents the power balance constraint at present time.

Essentially, we want to preposition resources for future dispatch in the most economical

way, such that they can collectively track the flexibility requirement envelope.

Usually, tracking-control problems involve minimizing the cost associated with a sum-

of-squares tracking error. Here, we take a different approach that is more suitable for

power systems planning. We make use of slack variables to reflect the cost/flexibility

trade-off associated with planning resources in the face of inadequate system flexibility.

The slack variable at present time k corresponds to load shedding less RES curtailment,

whereas everywhere else on [−H−, H+], the slack variables can be used by the planner

to relax the need to strictly track the flexibility requirement envelope. The planner must

find the optimal cost/flexibility trade-off depending on the slack variables’ constraints and

their associated costs. In particular, if they are priced much higher than actual flexibility

resources, they should be used as a last resort only. Specific constraints on the envelope’s

slack variables may come from a cost/benefit [54] or from reliability-based [17] analysis

of reserve requirements. Yet, the idea of perfect tracking is raised only rhetorically here

to define the notion of flexibility precisely. In real-time operations, there will be imprecise

(imperfect) tracking leading to frequency deviations and reflecting certain degree of residual

inflexibility in the system, time delays in implementing control decisions, etc.

To simplify the planning problem formulation, the slack variables are considered to be

the (I + 1)th flexibility resource, with its own flexibility envelope, where I is the actual

number of flexibility resources present in the system. Henceforth, the optimal flexibility

envelope tracking problem formulation becomes

min
x↓,x↑,u

∫ H+

−H−

I+1∑
i=1

Ci(x
↓
i (τ ; k),x↑i (τ ; k), ui) dτ (5.27)

subject to:
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Power Balance (Initial Conditions) at k (τ = 0)

I+1∑
i=1

ui · x↑i (0; k) = e↑v(0; k) = `(k) (5.28)

I+1∑
i=1

ui · x↓i (0; k) = e↓v(0; k) = `(k) (5.29)

Envelope Tracking ∀τ ∈ [−H−, H+]

I+1∑
i=1

ui · x↓i (τ ; k) = e↓v(τ ; k) (5.30)

I+1∑
i=1

ui · x↑i (τ ; k) = e↑v(τ ; k) (5.31)

Flexibility Constraints ∀τ ∈ [−H−, H+], i = 1, . . . , I + 1, and n = 0, . . . , N

dn

dτn
x↓i (τ ; k) ≥ ui ·

dn

dτn
e↓x,i(τ ; k) (5.32)

dn

dτn
x↑i (τ ; k) ≤ ui ·

dn

dτn
e↑x,i(τ ; k) (5.33)

Boundary Conditions ∀i = 1, . . . , I + 1

x↑i (−H−; k) = x↓i (H
+; k) (5.34)

x↓i (−H−; k) = x↑i (H
+; k) (5.35)

where ui is the binary commitment variable (on/off) of resource i, and the state vectors,

x↓i (τ ; k),x↑i (τ ; k), in (5.27)

x↓i (τ ; k) =

[
x↓i (τ ; k),

d

dτ
x↓i (τ ; k), . . . ,

dN

dτN
x↓i (τ ; k)

]T
(5.36)

x↑i (τ ; k) =

[
x↑i (τ ; k),

d

dτ
x↑i (τ ; k), . . . ,

dN

dτN
x↑i (τ ; k)

]T
(5.37)

can be penalized to reflect the cost of flexibility as quantified by the nth-order derivatives.

It is worth noting that in some markets flexibility has already been priced in the form
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of first-order ramping products [69]. This begs the question whether, someday, we are

going to package the higher nth-order derivatives as flexibility products. After all, the

first-order ramping is the first derivative from a capacity (as in megawatts) market per-

spective, whereas it is the second derivative from an energy (as in megawatt-hours) market

perspective.

5.7 Application Example

The following example illustrates operational planning with dynamical flexibility envelopes.

The premise is that individual resources must be prepositioned appropriately ahead of time,

such that their total scheduled output meets the power balance constraint, while their

aggregate flexibility envelope encloses the flexibility requirement envelope over the opera-

tional horizon. Envelope enclosure over the forward horizon assesses flexibility deployment,

whereas enclosure over the backward horizon assesses flexibility recovery, as discussed ear-

lier. Two flexibility resource portfolios will be compared: one portfolio contains resources

having a dynamic ramping profile, whereas the other contains resources with a constant

maximum ramp profile. The unit commitment problem is first solved, followed by simu-

lated economic dispatch to benchmark the operating performance of both portfolios. We

will show the former portfolio with dynamic ramping resources to be more flexible and

cost-effective.

5.7.1 Problem Setup

Net Load Model : The net load is modeled as a first-order linear time-invariant (LTI) system.

Let v(τ ; k) be the net load output, such that

τv
d

dτ
v(τ ; k) + v(τ ; k) = fv(τ) (5.38)

where τv = 15 minutes is the system’s net load time constant, τ is the horizon time

variable, k is the decision-making period, and fv is a normally-distributed random input

with µ = 100 MW and σ = 50 MW. Fig. 5.10 shows the phase plane region of the net load,

after simulating (5.38) for 100 000 5-minute periods, starting at v(0; k) = 100 MW.

To plot the upward segment, e↑v(τ ; k), and the downward segment, e↓v(τ ; k), of the flexi-

bility requirement envelope, we set f(τ) = fmax
v and f(τ) = fmin

v , ∀τ , respectively. Fig. 5.10
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Fig. 5.10 Phase-plane characteristics of the net load. Solid lines represent
the flexibility requirement envelope in the phase plane.

shows also plots the phase-plane trajectories of the flexibility requirement envelope, where

fmin and fmax are taken to be the 95th percentiles of fv (i.e., µ ± 2σ = 100 ± 100 MW).

Fig. 5.11 plots the flexibility requirement envelope in the time domain, as well as sample

net load trajectories for v(0; τ) = 100 MW.

Portfolio 1: Dynamic Ramp Profile: Consider ten identical resources modeled as first-order

LTI systems. Let xi(τ ; k) be the power output of resource i, such that

τx,i
d

dτ
xi(τ ; k) + xi(τ ; k) = fx,i(τ) (5.39)

where Pmin
i ≤ fx,i(τ) ≤ Pmax

i (MW) is the decision input, and τx,i minutes is the time

constant of resource i. Hence, the resources’ maximum ramp rates are dynamic and depend

on the power output level. Table 5.2 shows the output characteristics and operational costs

of the resources, where ai is their no-load cost and bi is their incremental cost.

Table 5.2 Operational Characteristics and Costs of Resources—Portfolio 1

τx,i Pmin
i Pmax

i ai bi
(minutes) (MW) (MW) ($) ($/MW)

i 15 0 30 200 i
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Fig. 5.11 Time-domain plot of the flexibility requirement envelope and some
sample net load random process realizations.

Portfolio 2: Linear Ramp Profile: Consider now ten identical resources having a constant

maximum ramp rate (independent of the resource current power output)

Rmax
i =

Pmax
i

2τx,i
= 1 (MW/minute) (5.40)

where Pmax
i and τx,i were defined in the previous subsection. Table 5.3 shows the output

characteristics and operational costs of the resources. In other words, these are the same

resources as in portfolio 1 but given a constant maximum ramp rate Rmax
i , rather than

being dynamic as a function of the power output level.

Table 5.3 Operational Characteristics and Costs of Resources—Portfolio 2

Rmax
i Pmin

i Pmax
i ai bi

(MW/minute) (MW) (MW) ($) ($/MW)

i 1 0 30 200 i
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5.7.2 Unit Commitment Problem

Unit commitment is performed for a single hourly period for the two resource portfolios

described above. The horizon τ ∈ [−60, 60] minutes is discretized every T = 5 minutes.

The problem, a mixed-integer linear program, is formulated in according to the min-max

philosophy laid out in Section 5.6. It is worth underlining that the unit commitment

formulation, described next, is novel in the sense that it models flexibility resources’ ramp-

ing dynamically using linear constraints only. In current practices, dynamical ramping is

thought to pose a challenge, due to potentially causing non-trivial nonlinearities in the unit

commitment formulation. There have been limited studies to tackle this issue—see [70] for

example. The key to the simplicity of our approach is a by-product of the use of envelopes

to model dynamic ramping processes.

The mixed-integer linear programming formulation for the flexibility envelope con-

strained unit commitment problem consists of:

min

(
10∑
i=1

aiui + bixi(0)

)
+ cs(S

↑ + S↓) (5.41)

+
12∑
m=1

(
10∑
i=1

bix
↓
i (−m) + cse

↓
S(−m)

)
(5.42)

+
12∑
m=1

(
10∑
i=1

bix
↑
i (−m) + cse

↑
S(−m)

)
(5.43)

+
12∑
m=1

(
10∑
i=1

bix
↓
i (m) + cse

↓
S(m)

)
(5.44)

+
12∑
m=1

(
10∑
i=1

bix
↑
i (m) + cse

↑
S(m)

)
(5.45)

Here, the objective is to minimize the unit commitment cost for the single hourly period.

The cost function comprises of a penalty term associated with the resources’ commitment

status and the actual scheduled output levels of the resources at τ = 0 in (5.41). The

potential cost of flexibility deployment of the resources over τ ∈ [−60, 0)∪(0, 60] minutes is

handled in (5.42)–(5.45). The terms S↑, S↓, e↑S, and e↓S are infinitely-flexible resources (i.e.,

slack variables), to help balance the cost/benefit of planning flexibility, as well as insuring

feasibility in cases where flexibility is scarce. They are priced at a much higher rate than
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the other resources, cs = $1000/MW, and should be used as last resort.

This is subject to

10∑
i=1

xi(0) + S↑ − S↓ = `(0) (5.46)

S↑, S↓ ≥ 0 (5.47)

where (5.46) and (5.47) ensure the power balance for the hourly net load forecast level

`(0). Constraints (5.48) and (5.50) ensure tracking of the flexibility requirement envelope

backward in time, whereas constraints (5.49) and (5.51) ensure tracking of the flexibility

requirement envelope forward in time.

10∑
i=1

x↓i (−m) = e↓v(−m) + e↓S(−m); m = 1, . . . , 12 (5.48)

10∑
i=1

x↓i (m) = e↓v(m) + e↓S(m); m = 1, . . . , 12 (5.49)

10∑
i=1

x↑i (−m) = e↑v(−m) + e↑S(−m); m = 1, . . . , 12 (5.50)

10∑
i=1

x↑i (m) = e↑v(m) + e↑S(m); m = 1, . . . , 12 (5.51)

The right-hand sides of (5.48)–(5.51) are determined by (5.52)–(5.56). These represent

the upward and downward evolution of the flexibility requirement envelope, both forward

and backward in time, starting from `(0) and through each sub-hourly time interval m =

1, . . . , 12. Note here that none of these are optimization variables; they only parametrize
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the flexibility requirement envelope.

e↑v(m) = min

{
200, e↑v(m− 1) + T

200− e↑v(m− 1)

τv

}
(5.52)

e↓v(m) = max

{
0, e↓v(m− 1)− T e

↑
v(m− 1)

τv

}
(5.53)

e↑v(−m) = max

{
0, e↑v(−(m− 1))− T 200− e↑v(−m)

τv

}
(5.54)

e↓v(−m) = min

{
200, e↓v(−(m− 1)) + T

e↑v(−m)

τv

}
(5.55)

e↑v(0) = e↓v(0) = `(0) (5.56)

Next, constraints (5.57) and (5.58) limit the available flexible capacity, to ensure that

the forward- and backward-in-time envelopes reach the same minimum and maximum ca-

pacities. Along with constraints (5.62), (5.66), (5.70), and (5.74), they represent envelope

boundary conditions for each resource i

Pmin
i ui ≤ xmin

i ≤ xi(0); i = 1, . . . , 10 (5.57)

xi(0) ≤ xmax
i ≤ Pmax

i ui; i = 1, . . . , 10 (5.58)

Finally, to perform unit commitment with Portfolio 1, which has dynamic ramping rate

limitations, the following constraints are used. Constraints (5.59)–(5.61) and (5.63)–(5.65)

bound the backward-in-time potential flexibility deployment of a resource by its flexibility

envelope, whereas constraints (5.67)–(5.69) and (5.71)–(5.73) bound the forward-in-time

potential flexibility deployment of a resource by its flexibility envelope.

Up and Backward for i = 1, . . . , 10

x↓i (−1) ≥ xi(0) (5.59)

x↓i (−(m+ 1)) ≥ x↓i (−m); m = 1, . . . , 11 (5.60)

x↓i (−(m+ 1))− x↓i (−m) ≤ T
x↓i (−(m+ 1))− Pmin

i

τx,i
; m = 0, . . . , 11 (5.61)

x↓i (−12) = xmax
i (5.62)
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Down and Backward i = 1, . . . , 10

x↑i (−1) ≤ xi(0) (5.63)

x↑i (−(m+ 1)) ≤ x↑i (−m); m = 1, . . . , 11 (5.64)

x↑i (−m)− x↑i (−(m+ 1)) ≤ T
Pmax
i − x↑i (−(m+ 1))

τx,i
; m = 0, . . . , 11 (5.65)

x↑i (−12) = xmin
i (5.66)

Down and Forward i = 1, . . . , 10

x↓i (1) ≤ xi(0) (5.67)

x↓i (m+ 1) ≤ x↓i (m); m = 1, . . . , 11 (5.68)

x↓i (m)− x↓i (m+ 1) ≤ T
x↓i (m)− Pmin

i

τx,i
; m = 0, . . . , 11 (5.69)

x↓i (12) = xmin
i (5.70)

Up and Forward i = 1, . . . , 10

x↑i (1) ≥ xi(0) (5.71)

x↑i (m+ 1) ≥ x↑i (m) m = 1, . . . , 11 (5.72)

x↑i (m+ 1)− x↑i (m) ≤ T
Pmax
i − x↑i (m)

τx,i
m = 0, . . . , 11 (5.73)

x↑i (12) = xmax
i (5.74)

We note that the dynamic maximum ramping limitations are found here in (5.61), (5.65),

(5.69), and (5.73).

Similarly, to perform unit commitment with Portfolio 2, which has constant maximum

ramping rate limitations, the same constraints as in (5.59)–(5.74) are used, with the excep-

tion that the ramp rate limitations in (5.61), (5.65), (5.69), and (5.73) respectively, which
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are replaced with

x↓i (−(m+ 1))− x↓i (−m) ≤ T ·Rmax
i (5.75)

x↑i (−m)− x↑i (−(m+ 1)) ≤ T ·Rmax
i (5.76)

x↓i (m)− x↓i (m+ 1) ≤ T ·Rmax
i (5.77)

x↑i (m+ 1)− x↑i (m) ≤ T ·Rmax
i (5.78)

for all i = 1, . . . , 10 and m = 0, . . . , 11.

5.7.3 Unit Commitment Results and Discussion

The mathematical program is solved repeatedly for a range of `(0) values, to compare the

unit commitment results of the two power system resource portfolios. Fig. 5.12 shows the

unit commitment results of both portfolios. The first subplot compares the scheduling costs

without the no-load costs, whereas the second subplot compares the scheduling costs with

the no-load costs. Together, they illustrate Portfolio 1 to be more cost-effective than Port-

folio 2. The third subplot compares the number of committed resources, where Portfolio 1

resulted in fewer resources committed in comparison to Portfolio 2. The fourth subplot

shows usage of slack variables to help with balancing the net load forecast in constraint

(5.46). Portfolio 1 is capable of meeting the net load forecast without using the slack vari-

ables, whereas Portfolio 2 had to resort to using the slack variables for certain net load

forecast levels. These slack variable uses reflect the need to deploy load shedding (S↑) or

renewable energy curtailment (S↓), in the case of insufficient supply of flexibility by the

committed resources. Finally, the fifth subplot shows slack deployment over the operational

horizon to help with meeting (tracking) the flexibility requirement envelope in constraints

(5.48)–(5.51). This reflects potential future needs to deploy load shedding or renewable

energy curtailment in real-time operation. Portfolio 1 was better at reducing the usage of

these slack variables, compared to Portfolio 2. Overall, the results in Fig. 5.12 indicate that

the dynamic ramp profile (i.e., in Portfolio 1) is more flexible than the constant maximum

ramp profile (i.e., in Portfolio 2) with reductions in scheduling costs, load shedding, and

renewable energy curtailment. As discussed earlier, the constant maximum ramp profile

may further increase the long-run operational costs, due to the costs associated with rotor

fatigue [66].
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Fig. 5.12 Unit commitment solved repeatedly for a range of `(0) values.
Results for Portfolio 1 (solid). Results for Portfolio 2 (dashed).
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5.7.4 Economic Dispatch Problem

The goal next is to compare the performance of the two portfolios in real-time operations.

Therefore, we fix the forecast `(k) to 100 MW and perform unit commitment to obtain

resources’ commitment for this particular forecast level. Then, a receding-horizon economic

dispatch is performed assuming the fixed unit commitment schedule to assess how the

prior unit commitment decisions can lead to better or worse outcomes in real-time dispatch

operations.

The unit commitment is carried out for the same hourly forecast of `(0) = 100 MW as

in the previous sub-section, and generation dispatch is carried out, neglecting the no-load

costs, every 5 minutes of the hour. At every sub-hourly time step the realization of the

randomly-varying net load is observed, and generation set points are updated ensuring

both the satisfaction of the power balance at the current time and envelope enclosure going

forward.

Specifically, the net load is initialized with `(k) = 100 MW and J random trajectories of

the net load are generated by randomizing fv every 5 minutes for 12 sub-hourly time steps.

fv is randomized according to the Gaussian distribution, as described earlier. Each net

load realization and its corresponding dispatch decisions represent how the system would

have been run in that hour.

To assess the quality of flexibility provided by each portfolio, we compute the expected

energy not served (EENSJ) and the expected energy curtailed (EECJ) from all J realiza-

tions of the net-load random process:

EENSJ =
1

J

T

60

J∑
j=1

12∑
m=1

S↑j (m) (5.79)

EECJ =
1

J

T

60

J∑
j=1

12∑
m=1

S↓j (m) (5.80)

where S↓j (m) and S↑j (m) correspond to renewable power curtailment and load shedding,

respectively, of the economic dispatch decisions at time steps m = 1, . . . , 12 for net-load

realizations j = 1, . . . , J . The number of realizations J must be large enough for EENS

and EEC to converge reasonably well.
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5.7.5 Economic Dispatch Results and Discussion

Reasonable convergence was achieved within J = 500 simulation runs. Table 5.4 shows the

converged EENS and EENS values, as well as the total expected dispatch cost over one

hour of operations, ECost. Comparing results, it is evident that Portfolio 1—dispatching

Table 5.4 Expected Energy Not Served (EENS), Expected Energy Curtailed
(EEC), and Total Expected Cost (EC)

Portfolio 1 Portfolio 2

EENS (MWh) 0.1110 0.0348
EEC (MWh) 0.1282 5.3570
EC ($) 4513 6500

seven committed resources only—is more flexible and cost-effective than Portfolio 2—which

is dispatching ten committed resources. The only case where Portfolio 2 outperforms Port-

folio 1 is when comparing EENS (about 69% more), but this was achieved at a much

higher expected cost (EC) (about 30% more). Therefore, the evidence is such that the

consideration of dynamically-varying maximum ramping by power system resources is ad-

vantageous. Nonetheless, fine-tuning the flexibility/cost trade-off via the dispatch and the

envelope slack variables is necessary for the decision-maker to obtain acceptable perfor-

mance. For example, performance with respect to EENS for Portfolio 1 could be improved

by increasing the penalty for load shedding; obviously, this would come at an increase in

expected cost.

5.8 Summary

In this chapter, we attempted to modernize and extend the concept of power system flexi-

bility beyond the traditional time-based operating reserve paradigm. In contrast to other

literature on flexibility planning, which rely on capacity and average ramping assumptions,

the methodology in this chapter is precise and is motivated by the notion of trajectory

tracking and its relevance to nth-order dynamics. We used dynamical envelopes to bound

all feasible trajectories of resources as well as all plausible realizations of the net load. The

envelopes defined operating reserve dynamics and are thought to replace traditional reserve
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types. Furthermore, we also asserted that the aggregate flexibility envelope of resources

must enclose the flexibility requirement envelope arising from net load, to ensure adequate

system flexibility. Flexibility planning with envelopes was also formulated and illustrated

by unit commitment and receding-horizon economic dispatch examples, which showed how

the trajectorial approach proposed in this chapter is more cost effective than others as-

suming constant maximum ramping. For all these reasons, we argue strongly in favor of

reexamining how operating reserves are defined and scheduled. This chapter has offered a

solid base to initiate this reflection across the industry.
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Chapter 6

Conclusion

6.1 Dissertation Overview

This dissertation addressed operational challenges associated with the increasing penetra-

tion of renewable energy sources in power systems. The main challenges are increased

variability and uncertainty beyond what current practices are capable of managing eco-

nomically. Therefore, we proposed the concept of flexibility envelopes to fully capture this

variability and uncertainty during planning. The new concept required that resources are to

be scheduled, such that their aggregate flexibility envelope encloses the flexibility require-

ment envelope arising from the net load variability and uncertainty, while also meeting the

net load forecast level.

Chapter 1 reviewed the state of the art on current operational planning practices. The

main conclusion was that current practices were based on the traditional operating reserve

paradigm which unsatisfactorily captured the net load variability and uncertainty charac-

teristics, whereas the frequency content of the net load periodogram indicated that those

characteristics spanned multiple timescales.

Chapter 2 provided a systematic way of defining and calculating the flexibility require-

ment envelope, by statistically analyzing empirical net load data. Chapter 2 also provided

a systematic way of defining and calculating the flexibility envelope of a power system

resource. Planning with flexibility envelopes was formulated as a linear program, whereby

the resources had to be scheduled, such that their projected aggregate flexibility enve-

lope enclosed the project flexibility requirement envelope, to guarantee adequate system

flexibility. The example provided illustrated the effectiveness of the envelopes concept
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at capturing the net load variability and uncertainty, as well as improving the system’s

flexibility performance.

One important implication of the contrast between traditional reserve types and the

proposed flexibility envelope is that traditional reserve definitions are becoming gradually

obsolete and incapable of representing operating reserve requirements in power systems

admitting high levels of renewable energy sources. On the other hand, the flexibility re-

quirement envelope is able to capture such characteristics more effectively. Therefore, we

argue in favor of replacing these definitions by the proposed envelopes concept, which also

brings unity among operational practices across the power industry. This is also in line with

ramping products being recently introduced in several energy markets, since the envelope’s

shape exhibits a ramping profile and can be procured through such ramping products.

Chapter 3 expanded on the envelopes concept proposed in Chapter 2, to include en-

ergy flexibility. The flexibility envelopes were re-modeled in terms of energy capacity and

ramping, rather than power capacity and ramping only. This redefined the notion of oper-

ating reserve from an energy-centric perspective, which is novel to the state of the art and

current operating reserve practices. The energy-centric paradigm is more suitable for opti-

mizing power systems with energy storage, demand response, and hydrothermal generation

resources. The effectiveness of the energy-centric paradigm was illustrated by a planning

example of a power system with energy storage resources.

Chapter 4 proposed a new stochastic approach that circumvents the challenges of

scenario-based stochastic planning, whose two main disadvantages are the exorbitant com-

putational costs arising from the curse of dimensionality and the computational complexity

of scenario construction and reduction techniques. In this chapter, we specifically proposed

probabilistic envelope enclosure, by calculating probability-weighted flexibility requirement

envelopes, where the system’s resources are required to enclose these envelopes. We showed,

via a planning example, the potential benefits of such approach by reducing the total dis-

patch cost and improving system technical performance. If one thinks of the probability-

weighted flexibility requirement envelopes as a form of scenario reduction, then those en-

velopes and their corresponding probability weights are very easy to calculate statistically

from net load empirical data. Thus, the proposed probabilistic envelopes approach is much

more computationally tractable than stochastic planning.

Chapter 5 made a substantial but much needed leap in power system planning prac-

tices, thus opening new research avenues for the state of the art to keep pushing forward.
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It argued for the need to move beyond the current static planning practices based on ca-

pacity and average ramping considerations. This is because sustainable power systems are

expected to become more dynamical, with the increased penetration of renewable energy,

demand response, energy storage, and flexible generation. Therefore, Chapter 5 proposed

a dynamical optimization approach via the flexibility envelopes, to represent higher-order

dynamics of the power balance between resources and the net load. Consequently, the

traditional reserve paradigm was replaced by the notion of dynamical operating reserve,

exhibiting higher order dynamics. Furthermore, one implication, market-wise, of the work

in Chapter 5 is generalizing the aforementioned ramping products to higher order dynam-

ics. For example, it argues for the possibility of introducing acceleration products in the

electricity market.

6.2 Recommendations for Future Work

Several recommendation for future work have already been mentioned throughout the dis-

sertation. Here, we re-articulate those recommendation, along with several others, that

could potentially contribute to advancing the state of the art further.

1. Incorporate transmission constraints into planning with flexibility envelopes. This

would require modeling nodal envelopes, at each node (bus) in the power grid. In this

dissertation, the flexibility envelopes of individual resources were lumped together,

without taking into account the interconnections between nodes. Moreover, the net

load was treated as coming from a single bus in this dissertation, thus giving rise to

a single flexibility requirement envelope.

2. Formulate unit commitment and longer-term planning with the proposed envelopes

concept. The planning examples provided focused on receding-horizon economic dis-

patch. On a longer-term planning scale, it would be interesting to see how the flexibil-

ity envelopes approach can be adapted to nontrivial constraints relating to generation

reliability and long term investment decisions.

3. Conduct a detailed integration study on a realistic power system admitting high

penetration level of renewable energy sources, to benchmark the effectiveness of the

proposed approaches in real life situations. Besides time limitations, a detailed and
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practical integration study would have been less effective at illustrating the conceptual

developments made in this dissertation. Thus, we opted for simplified examples, to

help illustrate the many novel concepts interlinked in this dissertation.

4. Investigate the effectiveness of the probabilistic envelopes approach, in comparison

to stochastic planning. Chapter 4 provided benchmark results for the probabilistic

envelopes approach, with comparison to the deterministic envelops approach from

Chapter 1, and without comparing its performance to stochastic optimization. This

is an ongoing research task at the moment.

5. Apply the energy-centric approach and the dynamical approach to microgrid opti-

mization, where energy can be limited and resources can behave more dynamically.

6. Apply the energy-centric approach to multi-carrier energy scenarios, such as the co-

optimization of the power grid and the natural gas system.

7. Investigate the impact of higher-order dynamics on a power system’s security, instead

of just capacity and average ramping.

8. Model the higher-order dynamics of the net load variability and uncertainty for wind

and solar penetration.
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