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ABSTRACT

The electric power system is affected by numerous inefficiencies. Operation of the power
grid uses intricate mathematical models to schedule supply and demand instantaneously, and
complex settlement mechanisms to charge and pay participants. This dissertation focuses on four
aspects of electric market design and operation endeavoring to improve economic and
operational efficiency. Each chapter utilizes bottom-up engineering-economic models to simulate
power grid operations. The overall goal of the dissertation is to analyze electric market
inefficiencies and examine proposed alternative designs and policies.

The dissertation begins with characterizing the electric system and the role and challenges of
renewable energy in Chapter 1. Then Chapter 2 proposes a new method for pricing electricity in
organized wholesale markets, called the Dual Pricing Algorithm. The current pricing method is
non-confiscatory but does not capture the full cost of operation in marginal prices. The
proposed method achieves these two aims while also providing further transparency. Chapter 3
examines potential benefits of three adjustments in reserve procurement procedures, and
estimates economic efficiency using a European test system. Each adjustment improves current
practice, either in the quantity of reserves needed, the procurement method, or the degree of
coordination with neighboring countries. The results demonstrate coordination among countries
shows greatest consistent benefits among the three adjustments. Chapter 4 examines integration
of carbon policies into real-time markets when the emissions system encompasses a sub-region
of the larger electricity market, comparing five alternative models. Findings suggest that there is a
trade-off between emissions and cost, with no one dominant method to identify and manage

leakage from the regulated system. Chapter 5 analyzes degrees of coordination between
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neighboring systems for both day-ahead and real-time energy markets. The simulations for a test
case find that coordinating in real-time without coordination in the day-ahead market results in
higher costs compared to not coordinating at all.

These chapters examine trade-offs, whether they are between ease of implementation,
economic efficiency, renewable integration, or emissions reductions. Overall, the dissertation
contributes a framework for assessing market design improvements, and demonstrates to system
operators and decisions makers that coordination between neighboring regions can increase

economic efficiency.
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CHAPTER 1
INTRODUCTION

Electricity is a unique and essential commodity. Unlike other commodities, electricity cannot
be economically stored for long periods of time. There are no warchouses or tanks to hold it,
and storage resources like batteries are not yet economically viable on a large scale. Because of
this limitation, electricity demand must instantaneously be met by supply, and customer demand
at a retail and wholesale level expect power delivery with high reliability. Additionally, electricity
cannot be transported by any chosen path; it follows the laws of physics. These complexities
pose a challenge to electric grid operators, who aim to manage the grid both reliably and at least
cost. The twentieth century saw advancements in grid technology, and these advancements were
honored by being called the major engineering accomplishment of that century by the National
Academy of Engineering,.

However, in recent decades, the electric system has not changed as drastically as other
systems, such as communications. There is a common story in electricity: Alexander Graham Bell
would not recognize modern telephones or the wireless network, but Thomas Edison or George
Westinghouse would feel familiar with most of the components and operating procedures of
modern electric systems [1]. In the last twenty years, that story is beginning to change. Wind and

solar generation are fundamentally changing grid operations, advanced metering infrastructure



and solid state electronics allow vastly improved state identification and control of the network,
and customers are becoming more engaged in controlling their personal electric demand. Market
forces are being introduced into what was formerly a vertically integrated, monopolistic industry,
leading to new participants, trading arrangements, and control procedures. The combined
physical and financial responsibilities of operating the electric grid are being impacted both by
existing inefficiencies leftover from the grid of Edison’s era and new challenges from modern
technology.

This dissertation addresses some of the challenges arising from existing inefficiencies and
new technologies. The chapters that follow propose methods to improve fundamental elements
of power system modeling in a way that is both economically efficient and eases the integration
of renewable energy or reduces emissions. The analyses are divided into four chapters, Chapters
2-5. Chapter 2 identifies an inefficient practice of allocating “lumpy” (non-convex) costs among
market participants and proposes a new method to determine prices and more efficiently allocate
costs. Chapter 3 suggests three improvements to reserve procurement, allocation, and activation
focusing on the Dutch grid. Next, Chapter 4 examines models for integrating carbon emissions
allowances into real-time operational decisions and pricing. Finally Chapter 5 compares current
and proposed methods of coordinating operating decisions between regions to increase the net
benefits to each. Given that costs are allocated haphazardly, present reserves are pootly
quantified, carbon policies might not effectively reduce emissions, and neighboring regions fail to

coordinate effectively, these chapters aim to develop methods to reduce these inefficiencies.

1.1 MOTIVATION

1.1.1 Existing Inefficiencies
Operation of electric grid has changed dramatically over the past 20 years due to

restructuring of supply, transmission, and retail sales [2]. Due to the intensive capital costs of the



power system, vertically integrated utilities owned and operated the generation, transmission and
distribution of electricity until the 1990s [3]. Beginning in the late 1990s, the electric system in
much of the U.S. and elsewhere in the world was restructured, with each segment operated by a
different entity in what became known as an unbundled power system [4]. In addition, customers
in some states were able to choose their own retail provider rather than using the local utility.
These changes allowed for the creation of wholesale markets for electricity. Seven markets were
created across the U.S., each developing under different rules over time, rules which are still
undergoing modification to this day.

Pricing electricity is one issue that has been frequently reformed over time. Many markets
began using a zonal model for pricing, similar to what is used in Europe today, where a large
region has a single wholesale electricity price. Today, all seven organized U.S. markets use nodal
pricing which distinguishes prices throughout the network given congestion, or colloquially,
electric traffic. Electricity pricing has been continually reformed, with a great deal of recent
attention addressing whether prices reflect the full cost of production [5]. Given the complex bid
structure of power plants, academics and professionals alike are proposing new methods to price
clectricity. Several markets have already reformed their pricing schemes for some generators,
with three others expected to propose reforms in the next year [6].

An additional contribution to inefficiencies comes from the multiple markets that have
developed side-by-side in both the U.S. and Europe, because they have needed to address trade
and coordination with their neighbors. Regional and national policies can make coordination
difficult, since each can have different priorities and means of operation [7]. In Europe, each
country operates its own real-time or balancing market, even though there are shared
transmission lines between neighboring countries. In the U.S., many regions operate
independently with minimal coordination with their neighbors. Operators in the Western U.S.
coordinated some cross-regional trades, and in 2014, began an effort to co-optimize their real

time operations under the umbrella of the Energy Imbalance Market, organized by the California



Independent System Operator [8]. These efforts to coordinate have the potential to benefit all
parties if studied and enacted efficiently; however, there is no guarantee coordination in just one
market will positively impact the rest. The importance and desire to coordinate has grown larger

as renewable resources have entered the generation mix.

1.1.2 Inefficiencies from New Technologies

The recent growth of renewable energy has also posed many challenges for the electricity
sector, which has received the attention of many policy makers, researchers, and the public [9],
[10]. Power generation has been fairly predictable in system operations throughout the 20t
century; if a system operator requests 30 MW from a generator, that generator could produce 30
MW with high reliability. However, increased penetration into the market from renewable energy
has added variability and uncertainty to the supply side. In this context, “variability” refers to
volatility of the non-dispatchable net load (load minus renewable generation); “uncertainty” is
defined as forecast errors or the unknown future output of net load. With uncertain forecasted
generation, new market mechanisms will be necessary to ensure the electric grid is flexible
enough to respond to fast changes in generation.

One method used to manage unexpected changes in generation is through operating
reserves, or extra capacity held in case of unforeseen need for increased (or sometimes
decreased) supply. Reserves have traditionally been held in case generation or transmission
components of the electric grid go unexpectedly offline. They have not traditionally been
configured to accommodate the quick changes needed when renewable energy forecasts are
incorrect. This need might be met by traditional methods, but is likely to require additional
means of procurement. With regional renewable integration goals, most markets are looking to
ease the integration of renewable energy and curtail renewable production as infrequently as

possible.



Another great challenge for market design is internalizing environmental costs, including
those arising from air, water, and solid waste. A particular focus recently has been the cost of
greenhouse gas emissions [2]. Many states and countries prioritize greenhouse gas emission
reductions, but determining the proper method to price or penalize the emissions is not
straightforward. There are many questions as to the best way to reduce total emissions and who
should pay for that reduction [11]. Further complications arise as neighboring states or countries
introduce different policies. The interaction of different policies may not produce expected
outcomes, furthering the need for coordination and study [12].

Given the existing inefficiencies in the electric grid and the new ones brought about by
renewable energy, a 1988 quote from Fred Schweppe e7 al. in Spot Pricing of Electricity it just as true
today as it was then.

“There is a need for fundamental changes in the ways society views electric energy.”

([13], page xvii)

Electricity is essential for modern society; whether reading this dissertation on a screen or
printed on papet, electricity was necessary for the production of the text. It is often considered
an essential good, something necessary for modern life. However, most have little exposure to
the production, distribution, and consumption of electricity beyond paying an electric bill.
Difficulties in production and pricing are obscured from most consumers who have little notion
of the existence of a wholesale market for electricity, nevertheless one operated every five
minutes. In portraying a future market for electricity, Schweppe ¢# 4/ describe a market in which
both supply and demand participated. Today, supply plays an active role and demand is passive.

The quote might also suggest that power experts today should reevaluate how they view the
electric grid. New technology is constantly being developed that has the potential to impact grid
operations. Researchers and industry professionals alike can aid in reimagining a grid that meets
the needs of all participants and ensures a sustainable future. This dissertation examines a small

piece of the complex electric system and address inefficiencies therein. The main contribution of



this dissertation is to suggest improvements to electricity markets in order to integrate more
renewable energy into the electric system and provide the proper price signals for the market
moving forward. The chapters introduce new modeling methods to make each aspect of the
electric power system more efficient and provide illustrative applications. The remainder of
Chapter 1 introduces the four topics in Chapters 2-5 through Sections 1.2-1.5. Section 1.2
describes the issues around wholesale electricity market pricing. Section 1.3 focuses on proposed
adjustments to reserve markets. Section 1.4 probes the concerns surrounding emissions and
carbon leakage in regional networks. Section 1.5 explains issues that arise from cross-regional
trade and consolidation of markets in between day-ahead and real-time markets. Section 1.6

discusses the tools used within the dissertation and the scope of the remaining chapters.

1.2 ELECTRICITY MARKET PRICING

Chapter 2 focuses on electricity as a commodity, one that can be purchased and sold in a
variety of contexts. Many people are most familiar with the prices they pay to a local utility on
their home’s monthly electric bill. These are known as retail prices for electricity, and usually
regulated by a state Public Utilities Commission.! Although there are many options for retail rate
design (e.g., time-of-use, flat rate), these prices are not determined from a competitive market
auction.

Beyond retail prices, there are wholesale prices of electricity. Wholesale prices are generally
not available to end-use consumers, with some exceptions for large industrial loads, such as
factories. Wholesale prices can be private information, for instance, due to negotiations or
bilateral contracts between a utility and a power plant, or can be publicly available. For example,

there are futures prices for electricity, which result from trade on public exchanges such as the

! In some states there is an option for retail choice, or allowing customers to choose an alternate
electricity provider. These providers are regulated, but do not need rate approval from a Public
Utilities Commission.



Intercontinental Exchange (ICE). Wholesale prices are also determined through auction markets,
where buyers and sellers submit bids and offers through one of the seven electricity market
auctions in the U.S. These auctions are operated by nonprofit entities known as Independent
System Operators (ISOs) or Regional Transmission Operators (RTOs). Six of the seven markets
are regulated by the Federal Energy Regulatory Commission (FERC).?

By the 1936 Federal Power Act, federally-regulated markets must provide just, reasonable,
and not unduly discriminatory prices for all forms of generation, including alternative energy
resources [14]. Given this broad mandate, all seven markets in the U.S. have created different
pricing mechanisms, although they have many similarities. Operating electricity markets and
finding a price for electricity is a difficult problem both economically and mathematically. From
classic Econ. 101 [15], a supply/demand graph can be drawn showing an increasing supply cutve
based on marginal costs and a decreasing demand curve, left graph in Figure 1-1. However,
thermal generators incur both marginal and fixed operating costs in every period they operate’.
This makes the total supply curve Tumpy’ or non-convex. With fixed costs incurred during all
operational periods, it is not clear what the resulting price should be. The right graph in Figure
1-1 shows one possible visualization of a non-convex supply function, where there is a quantity
under which it would be uneconomic to operate (“economic minimum operating level”), and the
marginal cost of supply is a step function. This particular function happens to be quasiconvex.*
However, not all marginal cost functions for electricity markets are quasiconvex. The convexity
and quasiconvexity of the function depends on the input parameters, including whether the costs

are increasing or have a quadratic term.

2 The Electric Reliability Council of Texas (ERCOT) is completely contained within the state of
Texas without interstate alternating current (ac) transmission lines. Because there are no
interstate sales between ERCOT and another state over ac lines, it is not regulated by FERC.

3 Fixed operating costs are not annual, long-term, or investment costs; they are costs incurred in
every period that the plant operates. They are sometimes referred to as no load costs.

4 For any two points in a quasiconvex function, all points in between will be no greater than
either point; for a strict mathematical definition, see [227].
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Figure 1-1 Classic supply and demand curve (left) and one visualization for a non-convex supply curve
(right)

Mathematically, the optimization problem of deciding which generators to turn on and off
for the following day is a difficult problem, called a mixed integer linear (or, more generally,
nonlinear) problem (MILP). Unlike the classic supply demand problem, the solution to an MILP
does not produce “a totally satisfactory dual,” or price [16]. There are alternative possible
definitions of the price that result from the dual problem and dual variables when there are
binary or integer variables [17], [18]. Both economics and mathematics do not provide
straightforward answers to price non-convex markets, which has created a host of proposals for
electricity pricing. Due to the difficulties in non-convex markets, existing pricing proposals can
result in prices that might not be non-confiscatory, revenue neutral, and incentivize efficient
investments. A description of these issues, along with a new pricing mechanism is developed in
Chapter 2. Examples and a discussion of desirable properties of pricing mechanisms follow the
detailed mathematical description. The contribution of this chapter is a new proposal to price
electricity in wholesale markets, as well as analysis of current methods and impact of market rules

on pricing.



1.3 IMPROVEMENTS IN OPERATING RESERVE MARKETS

As the penetration of renewable energy grows in Europe and across the world, ease of
integration is becoming a growing concern. Many European countries have set targets for
renewable penetration, with an overall European goal of 20% by 2020 and 27% by 2030 [19]. As
part of the European 2020 goal, The Netherlands has a binding 14% renewable energy target.
Improving reserve requirements is one means to lower the cost of renewable integration and
reduce wind curtailment in order to meet the 14% target.

Reserve is the additional capacity held on the system in case of errors in forecasts of load or
generation, or transmission outages. Traditionally, changes to generation would entail a
generator tripping offline, which could be due to a disturbance or required maintenance. Without
additional backup capacity, a large loss of power might cause the system operator to ‘shed load’
or cut power to a portion of the system. With enough backup power online, the loss of a single
generator might not cause any issues. However, renewable energy outages are different in scale
and quality; for instance, they can be correlated [20]. If a large storm causes wind turbine
operators across Hurope to feather or lock the turbine blades (in order to ensure safety), the
power lost might be higher than the loss of any one thermal generator.

There is also a more basic concern over renewable forecast uncertainty. Although
forecasting has improved, German studies found that forecast error from a day-ahead forecast
can be in the range of thousands of megawatts, and averages 4.5% of installed capacity [9], and
can average about 20% of forecasted wind. As the penetration of renewable power increases,
there will be forecast uncertainty for a large portion of generation in addition to demand.
Holding additional reserves can prepate the system for such forecast errors.

Chapter 3 explores three adjustments to the current reserve procurement strategy in the
Netherlands in order to reduce total operating costs and expand renewable integration. The first
adjustment is changing the size of the reserve requirement to be calculated daily, as opposed to

current practice where it is determined seasonally. The second is co-optimizing energy and



reserve through a market, whereas current practice procures reserve through long-term contracts.
Finally, the last adjustment is coordinating the allocation and activation of reserves between
Northwest European countries, updating from current practice where each country acts
individually. The three modifications can be made individually, in paired combinations, or all
together. These combinations are simulated using a European network model with a focus on
economic and renewable benefits for the Netherlands. The contribution of this chapter is the
method of reserve market analysis and accompanying modeling of each type of improvement.
The application also contributes an assessment of the reserve markets in the Netherlands based

on economic efficiency and renewable integration.

1.4 PRICING ENVIRONMENTAL EXTERNALITIES IN
REGIONS WITH ASYMMETRICAL POLICIES

Carbon emissions are a leading cause of climate change [21]. One of the major sources of
carbon emissions is from power plants, primarily coal, gas, and oil fueled plants; in 2016, 1,821
million metric tons of CO, was emitted from the U.S. electric power sector [22]. Reducing
emissions from fossil fuel power plants is a high priority for many countries and regions around
the world. In the U.S., there are several states and regions that have implemented carbon
reduction policies, including the Regional Greenhouse Gas Initiative in the Northeast and the
cap-and-trade program in California [23]. In 2016, a landmark international agreement, the Paris
Climate Agreement, aimed at reducing greenhouse gas emissions and global temperature rise was
adopted by 174 countries. Although the agreement could have had an impact on national carbon
reduction policies, the U.S. withdrew from the agreement in 2017 [24]. Even without the
authority of the Paris Climate Agreement, existing reginal carbon policies are still in effect and
will continue to influence the electric power system.

Carbon policies, such as cap-and-trade, have an impact on both planning and operational

decisions of power system operators. In the case of cap-and-trade policies, power plants must
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hold enough allowances to cover their emissions. Those allowances can be acquired either by
purchase or free allocation, depending on the exact policy demand. The allowances purchased in
most existing cap-and-trade systems can impact the marginal cost offers of generators. If all
states in a regional market implemented a cap-and-trade system, generators in that region could
incorporate the cost of the allowances into their marginal cost bid. This would be a first-best
option; the cost of carbon would directly impact dispatch and prices through generator bids into
the market. However, not all states have implemented a carbon reduction mechanism. In the
Eastern U.S., this has not caused many issues because of the methods states chose to implement
cap-and-trade. Some are beginning to analyze options, but none have implemented market
software changes to date [23], [25].

California, on the other hand, is unique because it operates a regional real-time market that
extends to resources beyond California’s borders. Generators in surrounding states sell power
into the California market in addition to their own local utilities. California has also implemented
a cap-and-trade policy through Assembly Bill 32 (AB32) [26]. Being concerned that emissions
from neighboring states would increase due to capped emissions in California, the California Air
Resources Board (CARB) determined that emissions from imports should be accounted for
when dispatching the regional real-time market [27]. Their concerns can be categorized into
carbon leakage and contract shuffling.

Carbon leakage has been defined as the increase in emissions from an unregulated region,
which can be expressed as a ratio between the change in emissions in the unregulated region and
the change of emissions within the regulated region [28]—[30]. This definition might not capture
the accuracy of the overall reduction. For example, the cap-and-trade system might claim that
total emissions inside and outside the region have been reduced by x (including an accounting
for carbon associated with imports), but if total emissions in the regional electricity market are
only reduced by y, and y<x, then x — y have “leaked” out. An alternative definition is proposed in

this chapter, which compares the accounted for emissions reduction within the regulated region
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and from imported power subject to the regulatory system, with the actual total reduction in
emissions. This alternative definition is used because some pollutant trading systems attempt to
penalize estimated emissions associated with imports in an attempt to prevent leakage. In other
words, leakage could be defined as just those emissions increases outside the regulated region
that are unaccounted for by the regulated region. Each of the two leakage calculations provides
different results and insights on the net emissions effect of alternative system dispatch models
that try to limit leakage in different ways.

In California, the set of plants covered by a carbon policy is a subset of plants that
participate in the real-time integrated market. Plants outside of California might be dispatched to
directly or indirectly serve California load because they are less expensive, but might cause overall
higher emissions. Although leakage is calculated for carbon in California within this chapter [11],
emissions leakage applies broadly to other pollutants and regulation. Possible examples can
include sulfur leakage in the case of the Title IV Clean Air Act SO2 trading program, where
Canada or Mexico export more power to the US to replace shut-down high sulfur coal plants,
and those county’s sulfur emissions go up. Another example is carbon emissions in states
neighboring the Northeast’s Regional Greenhouse Gas Initiative (RGGI) region, where
neighboring states emissions might increase due to exports while RGGI states shut down their
coal-fired plants [31].

The concept of contract shuffling is a related but distinct idea that contributes to incorrect
accounting of emissions associated with imports under the second definition of leakage.
Contract shuffling occurs when low emitting plants outside a regulated region that would have
operated even without the emissions regulations (e.g., California’s AB32 cap-and-trade system)
are designated as exporting to and serving the regulated region. The plants are supposedly
displacing imports to the regulated region from higher emitting plants elsewhere outside the
regulated region (here, California), but in fact there is no change in operations, only a change to

who “provides” the imports. There is then an illusion that imports have become cleaner when it
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is not necessarily the case; contract shuffling is the quantification of the extent to which this
occurs. While the higher emitting plants are not directly serving California customers,
California’s demand for imports is increasing net demand in the non-regulated region and thus
contributes to the demand for the dirtier plants’ output.

Both carbon leakage and contract shuffling are difficult to address in an electricity market
encompassing multiple regions with different environmental rules, and these challenges are
relevant to many parts of the country and world. No single answer has emerged for how to
count, model, and price the externality. California has been in the lead in defining new
approaches to attempt to account for leakage and contract shuffling associated with imported
power, and in this Chapter, the effect of alternative approaches upon costs, emissions, leakage,
profitability, and other market outcomes is simulated.

In particular, Chapter 4 analyzes five possible methods that a system operator could
implement to trade emissions between regions to reduce carbon leakage and contract shuffling.
The methods have trade-offs between lowering total emissions, reducing costs, and maintaining
price incentives for each player. In comparing the methods, the chapter contributes to literature
on pricing environmental externalities when trading partners place different value on the
externality. The comparison notes the trade-offs and evaluates the strengths and weaknesses of

the five methods.

1.5 TRADE BETWEEN NEIGHBORING REGIONS IN
TEMPORALLY-DIFFERENTIATED MARKETS

Electricity auctions are administered in different time frames. Markets have developed in this
way for many reasons. Many thermal generators have long startup times that require advanced
notice. Other fossil fuel generators, especially natural gas, must secure fuel contracts the day
prior to delivery. There is also uncertainty in the load forecast (customer demand), and reliability

can be ensured through contingency model runs. One day prior to operation, an auction is run
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which determines the schedule and prices for the following twenty-fours. In some markets, one
hour prior to operation another auction is run to determine advisory updates to the day-ahead
schedule [32]. At least one additional auction is operated before delivery, which is fifteen or five
minutes ahead of delivery to balance supply and demand given the updated forecast [4]. Often,
however, modeling of electricity markets simulates a market in a single time frame rather than
considering their multi-settlement nature. However, day-ahead and real-time markets can interact
with each other and impact trade between regions.

Chapter 5 examines the inefficiencies with trade between neighboring regions between the
day-ahead and real-time markets. The interactions between these markets might become more
stressed due to renewable energy; wind and solar can be plentiful in one region and due to
uncertainty with actual generation output, not be delivered in real-time. The assumptions about
trade between the two markets can impact the success of renewable integration. Because of this,
some markets have consolidated to simulate one large region rather than several smaller ones. In
the Western U.S., California has begun an integrated real-time market (as mentioned in Section
1.4). Europe has also implemented integrated models with price coupling between regions. There
are many different combinations of day-ahead and real-time integration schemes, many of which
might lead to inefficiencies in the overall market even if one time frame is efficient (i.c., the day-
ahead is efficient but the day-ahead and real-time together are not). This chapter simulates two
regions using different trading policies in two market time frames to determine the impact of

trade in the different time periods.

1.6 TOOLS AND SCOPE

Electricity markets are unique in that they combine tools from electrical engineering,
operations research, and economics. Electrical engineering provides understanding of the
fundamental physics of the power system, and the reliability and cost issues that might arise if

operated sub-optimally. The backbone of market operations is mathematical optimization
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modeling from operations research. Optimization tools are used in power system planning, and
day-to-day and real-time operations. While optimization models are often considered tools,
algorithmic and computer science developments can become vitally important for speeding up
simulation run times. Finally, economics plays a major role in both planning and operating the
electric grid. The costs used in planning and bids using in operations are evaluated through
tinancial means. Electricity markets necessarily involve participant behavior, and modeling is
necessary to examine a participant’s ability to exercise market power, form coalitions, and
respond to incentives.

Power grid operators are also auctioneers, managing uniform price auctions every five
minutes. The auctions are shaped by physical constrains but governed by economic principles. A

<

cultural anthropologist studying electricity wrote, “...electricity alters our conventional
understandings of commodities, economics, and markets” [33]. Electricity is a field that brings
these three disciplines together, where engineers find themselves working in market design and
economists learn the basics of power flow. The projects described in the chapters attempt to
bridge the fields, bringing theory and applications from each into the different projects. The
models used in each chapter are fundamentally operations research (optimization) models with
economic objective functions and constraints that represent physical laws and limits and policies.

There are four projects in this dissertation, organized into Chapters 2, 3, 4, and 5. The new
pricing proposal is described in Chapter 2. Pricing is introduced in Section 2.1 followed by a
description of the fundamental economic principles that are the foundation of the pricing
scheme in Section 2.2. Section 2.3 reviews current literature on the proposed and existing pricing
schemes and evaluates them side-by-side in a table. Section 2.4 elaborates on the assumptions
made, both about market rules and bidding behavior of demand. A detailed model formulation
along with mathematical justification and proofs is detailed in Section 2.5. It begins with the

basic unit commitment problem, its dual, and the modifications made to the dual to create the

proposal, the Dual Pricing Algorithm (DPA). Formulations for other major pricing proposals are
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in Section 2.6. Examples using the DPA are explained in Section 2.7, along with comparison to
existing pricing methods. Section 2.8 discusses some of the implications of the DPA and trends
seen in the examples.

Improvements to reserve markets in the Netherlands are the focus of Chapter 3. The topic is
introduced in Section 3.1, with details about how European and U.S. markets differ. Background
information about European and Dutch reserve markets is found in Section 3.2, along with a
review of current literature on reserves, reserve requirements, and studies on reserve
coordination. The modeling framework for the reserve market is explained in Section 3.3, with
details about each of the three suggested improvements. The results of the study are shown in
Section 3.4, focusing on how the simulations total operating costs increase or decrease, the
amount of wind curtailment, and trade between regions. The conclusions of the study are
interpreted in Section 3.5, with a focus on which improvement would provide the greatest
impact and the limitations of the study.

Chapter 4 evaluates the impact of greenhouse gas allowances on electricity markets. Section
4.1 introduces both topics and 4.2 provides background literature on carbon policies and details
on the California cap-and-trade system. The models for greenhouse gas emissions are explained
and formulated in Section 4.3. A small case study of the Western U.S. is provided in Section 4.4
with results showing the trade-offs between emissions and costs. Finally, Section 4.5 discusses
the strengths and weaknesses of the five models.

The evaluation of trade and coordination between balancing areas is can be found in
Chapter 5. An introduction to the issues of coordination in time between two regions can be
found in Section 5.1, with a literature review in Section 5.2. Section 5.3 formulates and explains
mathematical formulations for day-ahead and real-time markets. Section details the three
simulations being compared for each of the day-ahead and real-time markets. The simulations
results are in Section 5.6, and the conclusions about coordination and trade are assessed in

Section 5.7, where total system costs are one of the main drivers of comparison.
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The broad conclusions that can be drawn from the projects comprising this thesis are
presented in Chapter 6. Hach of the analyses suggests one or more improvements that can be
made to electricity markets in the U.S. or Europe. One of the main messages of the studies is
that there are significant benefits from coordination and a need for appropriate pricing. Possible
future research building on these analyses is explored in in that chapter. Finally, the Appendix

provides the data used for the examples in Chapter 5.
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CHAPTER 2

MULTI-PERIOD DUAL PRICING
ALGORITHM IN NON-CONVEX ISO
MARKETS

Generation costs in electricity markets are non-convex functions of output; as a
result, prices may not be monotonically non-decreasing with demand. Further,
supplier revenues may not cover all variable costs. Consequently, it can be difficult
to define a single price at each node that results in a balance of supply and demand.
Therefore, most organized power markets in the U.S. currently pay a two-part price
at each node, consisting of a public marginal price and a private make-whole
payment tailored to each generator who wounld otherwise incur variable costs that
exceed their revenune. The expense of these make-whole payments, also called uplift
payments, is usually allocated evenly across all customers. This allocation method
does not take into consideration who benefits from the additional costs. This paper
proposes an alternative algorithm for prices in a non-convex market and a means to
allocate those prices to market participants called the Dwual Pricing Algorithm

(DPA). Basic principles of market design are used as the foundation for the new
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approach in an auction market that is revenune nentral and non-confiscatory. The
general framework presents a cost allocation scheme that achieves the maximnm
market surplus and can be further modified to consider equity objectives defined by

the system operator.

2.1 INTRODUCTION

In many commodity markets, supply and demand curves provide a single market clearing
price. In electricity markets, the non-convexities in bid and offer functions can make the
traditional single market clearing price insufficient for generators to recover their variable costs
(e.g., costs of start-ups) [34]. Markets in the U.S. currently provide make-whole or uplift
payments for generators to ensure that they will, at a minimum, recover their operating costs.>
Unlike the single market clearing price in markets with only marginal costs®, supply in U.S.
electricity markets can bid operational fixed costs and receive payment with a two-part price: a
single price in time and space and a discriminatory private uplift payment. The system operator
recovers the uplift payments in most cases by allocating it to customers, and it is often evenly
distributed among consumers on a per MWh basis, even though not all consumers contribute to
the need for such a payment [5]. When costs are allocated too broadly they dilute the price and
location signal needed to stimulate investment in better alternatives, such as transmission
infrastructure or more efficient generators. The outcome of the spot market has implications for
both bilateral contracts and investment decisions. For multiple markets to be efficient, they must
signal each other via public or transparent information. Meaning, prospective entrants to the
market should have enough information about potential revenue sources to make an entry or

investment decisions.

5 The focus of this chapter is U.S. markets. European markets differ by region, and are generally
purely financial. The market mechanism offers more complex bidding, but does not consider
power flow; see [62] and [63].

6 These are known as convex markets, defined in Section 2.2.
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Day-ahead markets aim to find the surplus (consumption benefits minus costs)
maximizing schedule for supply (including generator commitments) and price responsive
demand. Because of non-convexities in generator costs, a mixed integer linear program called
unit commitment (UC) is used.” In most markets, after the efficient dispatch has been
determined, a pricing run determines the price of electricity at each hour and node (or bus) in the
market. Pricing practice by most independent system operators (ISO) reruns the unit
commitment model fixing the binaty on/off decisions and relaxing the minimum operating level
of the fast-start generators to zero [35].

The locational marginal prices (LMPs) result from the dual variable or shadow price of the
node balance constraint. The uplift payment to a generator is determined ex-post based on its
total economic loss, and varies between day-ahead and real-time (i.e., a real-time profit cannot
compensate for day-ahead losses).® The independent system operator in the mid-Atlantic, PJM,
notes that uplift average $389,000/day, but can be higher depending on conditions; during the
cold weather even in January 2018, uplift costs increased to $4.3 million/day [36]. The LMPs are
public and non-discriminatory, while the uplifts are discriminatory and private, lest they divulge
specific generator information.? This public-private split means market participants and investors
only know part of the information necessary to enter the market, resulting in a resulting in a

weakened investment signal.

7 Unit commitment objective functions can be difficult to solve because they are usually
discontinuous. Some unit commitment formulations might result in objective functions that are
quasi-convex, which are easier to solve compared to non-convex problems.

8 As defined here, ex-post pricing means that prices are determined after the optimal unit
commitment schedule has been determined; for LMP pricing, prices are based on the marginal
resource’s marginal cost. Prices determined before the scheduling run might not be incentive
compatible for supply [230] or cause system operators to change the dispatch based on prices
[231]. Ex-post prices are consistent with schedules, including any operator actions.

9 Uplift payments are generally determined over a twenty-four hour period, and generators would
be able to determine if they are receiving a payment given enough insight into their own output.
In order to determine if they receive a payment, they would need to know the dispatch, bid
function, and prices from the day-ahead market (including reserve market bids and quantities),
and actual output and prices from the real-time market. Using this information, they would be
able to calculate if they are operating at a loss; the amount of the loss is the uplift payment.
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Over the last few years, many ISOs have decided to change or update aspects of their
wholesale pricing mechanisms. Additionally, FERC has published a Notice of Proposed Rule
Making (NOPR) on the topic of price formation. As part of the price formation process, each
ISO submitted responses to a FERC Order Directing Reports requesting information on their
pricing philosophy and treatment of certain variables in the unit commitment problem. Although
not active at the time of submission, every ISO has determined an alternate to LMP pricing for a
subset of units. These units can broadly be described as ‘fast start’ units, or those who can
quickly startup when called upon to perform. Midcontinent ISO and ISO New England relax the
binary variable in the pricing run, while PJM, New York ISO, and the CAISO'" relax the
minimum operating level and change the energy bid in the objective. These changes to pricing
indicate that the LMP alone might not be able to send an incentive compatible price signal to
market participants. Current implementations of fast start pricing have not necessarily changed
prices significantly. MISO found that only 3% of prices changed from the baseline pricing
method (LMP). This is partially due to the subset of resources that can set the price; only
resources considered ‘fast start’ can set the price, and therefore the impact will be limited. A
further discussion of price signals can be found in Section 2.2, and formulations for several
alternative pricing schemes can be found in Section 2.6.

The combination of LMP and socialized uplift allocation has also caused poor investment
signals. Historical examples on Cape Cod and in the upper peninsula of Michigan show that
marginal pricing mechanisms can hide or misallocate funds [37], [38]. The Canal Units on Cape
Cod were run daily due to their long startup times and other regional specifications. The
generators only supported customers on Cape Cod, ie., without Cape Cod demand, the
generators would not be needed. However, the costs associated with operating the units were

allocated to all of Lower Southeastern Massachusetts. This region as a whole did not benefit, and

10 The CAISO mechanism is called constrained on generators (COGs), which are voluntary for
generators and are not currently utilized by any generator.
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it was found that costs should have been allocated primarily to Cape Cod [37]. Had the costs in
Cape Cod been higher, it is possible an alternative source or upgrade could have been installed.
In a similar case in the Upper Peninsula of Michigan, the Presque Isle Power Plant generated a
majority of power for Michigan residents and was used for reliability in Michigan. Instead of
allocating costs to Michigan, Wisconsin utilities were also charged. In the case that followed, this
allocation was found unjust and unreasonable [38]. Both cases would benefit from an allocation
methodology that assigns costs to responsible parties. The proposed method attempts to follow
basic economic principles in order to create an efficient market.

With the underlying principle of maximizing social welfare and building on the description in
[39], the proposed dual pricing algorithm outlined in this chapter aims to provide an alternate
approach to efficient prices and cost allocation of make-whole payments. This paper provides a
detailed explanation and justification for the single-period pricing method proposed in [39], and
details the current literature on non-convex pricing. It also contributes a non-trivial extension to
multiple periods and many supporting examples. The algorithm is based on the dual formulation
to the post-unit commitment problem, hence it is called the Dual Pricing Algorithm. Unlike
other pricing mechanisms, this algorithm allocates all costs, maintains market surplus, is non-
confiscatory, and revenue neutral. These principles are examined in detail in Section 2.2. Section
2.3 discusses previous literature. Section 2.5 explains the multi-period dual pricing algorithm, and
Section 2.6 describes several alternate pricing mechanisms. The results, discussion, and

conclusions are in 2.7, 2.8, and 2.9.
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2.2 FUNDAMENTAL ECONOMIC PRINCIPLES

2.2.1 Market Surplus and Secondary Principles

The basic principle of market design undetlying the Dual Pricing Algorithm (DPA) is
efficiency, as measured by the maximization of market surplus, where market surplus is the sum
of consumer surplus, producer surplus (profit), and congestion surplus [40]—[42]. From this basic
principle, three other guiding principles are developed below. Market scheduling software (day-
ahead and real-time) attempts to determine the efficient unit commitment schedule and dispatch
for resources in electric markets. Because of the non-convexities, the market clearing price is not
guaranteed to cover the startup and fixed operating costs for any individual generator [43]. In
order to guarantee that both generation and demand are not incentivized to leave the market
(have non-negative profit and value), we include non-confiscation as the first of three secondary
principles for the DPA (after the primary principle of maximizing market surplus). Non-
confiscation ensures that both suppliers and demand will at least break even if they are part of
the efficient dispatch; in other words, we ensure bid cost recovery. Any costs that a generator
bids into the market are guaranteed to be repaid. There are exceptions to this rule in current
markets, which would not be impacted by the DPA. For instance, if a participant is found to
have market power or bid beyond a certain percent of a baseline, then the bid can be mitigated
back to the baseline. Depending on the case, the generator might only be guaranteed recovery of
the baseline bid. This principle is related to the idea of incentive compatibility and supporting
prices [44]. A generator should not find it profitable to self-schedule into the market given the
market prices and rules. This issue is discussed in more detail in Section 2.5.6.

The second principle is revenue neutrality, which implies revenue adequacy in the market.
Specifically, we propose that the market should give out what it takes in; this applies to all energy
and uplift payments from both supply and demand. The ISOs are non-profit organizations, and

therefore should not plan to profit from market interactions. Any surpluses (such as congestion
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surpluses) are distributed either back to consumers or to holders of financial transmission rights
[45], [46].

Third, the market should incentivize efficient participation and investment; this principle
must hold in order to adequately build resources that will improve overall market efficiency.
Efficient participation in the short term requires a pricing mechanism that supports the optimal
schedule and ensures full bid cost recovery. The latter is guaranteed through the non-
confiscation principle, and supporting the optimal schedule is a non-trivial assurance. In order to
accomplish this goal, any mechanism that increases the price beyond marginal costs must
dissuade participants from ‘chasing’ higher prices. Further details of the DPA’s method of
incentivizing participants to stay on dispatch can be found in Section 2.5.6.

Similar to incentivizing efficient dispatch, incentivizing efficient investment is a difficult task.
A new entrant to the market, either generation or consumption, must consider their ability to
clear the market. The uplift payment is private information; this therefore introduces an
additional revenue uncertainty when a potential entrant is contemplating an investment decision.
In most markets, the only public information is the price: the LMP or energy price. LMP is one
valid signal for investment in a convex market, but it may be too low for a non-convex signal. A
new entrant can consider whether their marginal cost bid will beat the LMP, but this information
alone is not a good indication if they will be selected for the optimal dispatch. A potential plant
might have a higher marginal cost, but can still clear the market with a lower fixed cost bid.
Although rigorous quantification of entry and efficient investments is difficult (and outside the
scope of this dissertation), it has been explored by [47]. According to [48] the investment
criterion for consumers (or producers) under optimal spot pricing and convex costs is to invest
in new resources if it lowers costs (or increases profits), and this occurs if and only if the
investment lowers total system costs. Pricing with LMP and make-whole payments under non-

convex costs could cause the investment criterion to fail for some efficient investments.
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Price volatility and the presence or absence of monotonically non-decreasing price-demand
relationship are two issues that arise in the non-convex pricing literature [49], [50]. Volatility
often refers to rapid increases and decreases over time, which can also be the case for prices
under LMP pricing. However, in this context volatility usually refers to changes in price as over
increasing levels of demand. To economists, the volatility of efficient prices is of little concern.
Prices should reflect the relationship between supply and demand and should include any
volatility due to congestion, scarcity, or non-convexities. However, electric markets often
suppress volatility in favor of ‘stable’ prices or fixing a scarcity problem with an out-of-market
correction [51]. A pricing mechanism with a monotonically non-decreasing price-demand
relationship might not reflect the true costs of the system, resulting in inefficiencies. Demand in
many industries benefit from quantity discounts, or bulk purchases for a lower price. However,
prices resulting from monotonically non-decreasing methods!! can never reflect the cost savings
due to higher generation production. This paper strives to create a pricing algorithm that
supports market efficiency, and therefore we do not limit the method to one which will produce
stable prices or prices that are monotonically non-decreasing with demand. The following two

sections discuss discriminatory pricing and assumptions made in the formulation.

2.2.2 Uplift Allocation: Ramsey-Boiteux Pricing

An even distribution of uplift payments can provide misleading signals for investment. Even
allocation entails splitting the needed lump payment among customers based on their total
consumption (total uplift payment divided by demand in MWh). The DPA aims to allocate uplift
in a discriminatory fashion among supply and demand, justifying the payments and charges with
a scheme defined by Ramsey in 1927 [52]. This is often called the inverse elasticity pricing rule,
or value-based pricing, because less elastic demand curves have a total higher valuation per unit,

equal to the integral of the demand curve divided by quantity demanded. Its use requires

11 Methods like convex hull pricing, described in Section 2.3.
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knowledge of cost and demand functions. Ramsey’s result shows that in the presence of fixed
costs, the efficient result can be disctiminatory pricing in proportion to demand elasticity. It can
be argued that the language of the Federal Power Act would define it as not unduly
discriminatory since it is efficiency enhancing.

The result was extended by Boiteux in 1956 for electricity markets, differentiating between a
public and private price [53]. Ramsey-Boiteux pricing separates the single Ramsey price into a
public price charged to all demand and a private discriminatory price that is different for each
consumer based on that customer’s elasticity; the total price paid is the sum of the two. The
public price is the marginal cost (if less than average cost) and the public portion results in
revenues that make up for any fixed costs not covered by the public price. Demand that is more
inelastic, with a higher marginal value, will pay more of the fixed cost. Described in detail in
Section 2.5, the DPA introduces uplift payments and charges for both demand and generation.
In order to maintain non-confiscation for both parties, uplift is distributed according to the bids

and offers placed in the market.

2.3 LITERATURE REVIEW

The literature on non-convex pricing in electricity markets can broadly be divided into
proposals that advocate for a single market clearing price, and those that impose two- or multi-
part pricing. U.S. markets today use multi-part pricing; a clearing price and side payments,
including uplift payments. The difficulty in side-payments is determining how the market
operator should recover its costs by allocating them among other market parties. Most schemes
do not include specific allocation instructions, leading to inefficiencies such as the historical
examples mentioned in 2.1. Alternatively, a single market clearing price is one known by all
participants inside and out of the market. The price must be high enough to cover all costs of all
resources in the market so as to be non-confiscatory. Given the difficulties in non-convex

pricing, it is important to evaluate potential implications of new pricing methods.
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O’Neill et al. provided a foundational model for two-part pricing of electricity that supports
the optimal schedule [43]. The locational public price paid by all market participants at a given
location is determined from the dual variable of the node balance constraint in a linear
programming model of the UC problem that results from fixing the values of the binary
variables at their optimal level. The second part of the price is determined from the dual variable
that fixes the binary variables to their optimal schedule; a generator will only receive this payment
if they suffer a loss (a negative value in the formulation in Section 2.5.1).!2 This value is the cost
to cover a generator’s fixed operating costs. Markets today use an approach similar to [43], with
exceptions for subsets of generation, such as fast-start generators [5].

However, the O’Neill e al approach suffers from having many alternative prices
(degeneracy) in general. Subsequent research focused on finding prices with other desirable
properties. Convex hull pricing, proposed in [54] and [55], minimizes total uplift by creating the
convex hull of the total cost function so that costs are a non-decreasing convex function of load.
Researchers in collaboration with the Midcontinent Independent System Operator have
suggested solution techniques for the convex hull in [56], [57], and have implemented an
Extended LMP (ELMP), which relaxes the binary condition on the unit commitment variable,
allowing it to be between zero and one [58]. Bjorndal and Jornsten modify the prices from [43]
to create less volatile prices and uplift charges [50]. Using the same example modified in [54],
they show increasing stability of average prices compared to [43].

Other models attempt to internalize uplift prices with zero-sum transfers, or payments
between all participants or all generators that sum to zero. These include a “general uplift
approach” using a quadratic objective in [59] and [60], and a “minimum zero-sum uplift” model
that ensures that all generators break even in [49]. The method in [49] ensures that profitable

generators do not to increase their profits by transferring additional payments to unprofitable

12 A positive value from this formulation could be interpreted as a penalty assessed against a
generator that is constrained off if it decides to turn on.
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generators. Van Vyve proposes a non-confiscatory pricing method with separate and allocated
uplift payments in [44], which results in average cost pricing if demand is inelastic. The authors
in [49] also demonstrate average cost pricing for inelastic demand given two types of suppliers.

Finally, three methods attempt to create a single price that can cover both marginal and fixed
costs. In [61] they use the solution technique of Lagrangian Relaxation to create a Semi-
Lagrangian Relaxation, which relaxes node balance constraint and adds it to objective with a
penalty price. That price is found by iterating to obtain the same objective as the original MIP
and raising the clearing price to cover any fixed costs. In [62], the authors use both the primal
and dual constraints to increase the clearing price to provide non-negative profits to all
generators. Additional literature addressing non-convex pricing in electricity markets that does
not directly suggest a new methodology can be found in [63], [64], and an additional method that
solves a binary Nash game [65].

In a review article, Liberopoulos and Andrianesis analytically compare many non-convex
pricing methods to determine the relative prices, payments and profits that result from each
method [49]; they that find no method dominates with respect to their pricing criteria. In a
similar vein to their comparison table, Table 2-1 shows a comparison of many of the methods
described above. The columns show individual methodologies and the rows describe economic
principles used to evaluate each method. These principles are the same as those described in
Section 2.2, principles that are fundamental for the proposed pricing mechanism: maximizing
market surplus, non-confiscation, revenue neutrality, and maintaining the optimal dispatch.
Methods where uplift payments are determined outside of the model do not guarantee revenue
adequacy (and therefore neutrality), since there might not be enough surplus from demand to
pay the side-payment. All methods account for non-confiscation of supply offers; however not
all explicitly account for non-confiscation of demand bids. The third row indicates whether or
not the demand side was explicitly incorporated or if non-confiscation of demand is enforced

through the pricing mechanism by itself. Many methods might be able to incorporate demand
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side participation in modeling but have not accounted for their participation in the publication.
Transparency is designated in the fourth row. Any mechanism which includes uplift has a
discriminatory and private payment; unless the payments are made public, the pricing scheme
cannot be considered wholly transparent. The DPA can be adjusted or conditioned to provide
either a single or two-part price, making transparency dependent on conditioning. The
penultimate row describes the uplift present in the problem, whether it is allocated internally or
determined after the pricing run (ex-post),!? or zero for single part pricing. Although not
documented directly in Table 2-1, all methods but the second are adjusted to incorporate fixed
costs in some form into the price (to help the unit recovery costs), whereas the price resulting
from [43] will be a unit’s marginal cost. The last row defines a mathematical category for the
pricing problem proposed, with one category defined loosely as “LP+”. This category is meant
to encompass math programs that can be linear, but are nontrivial to determine at each
implementation. The remaining categories are linear (LP), mixed integer program (MIP), convex

program (CP), and non-linear program (NLP).

Table 2-1: Comparison of Non-Convex Pricing Methods

Two-Part Pricing Single Price
Schweppe O’Neill ~ Gribik ELMP Bjorndal — Galiana DPA | Van Vyve  Araoz Ruiz
(3] [43]  [34,[35]  [58] (50 [59], [60] [39] [44],[49]  [61] [62]

Maximize market v v v v v Y % Y Y N
surplus
Revenue neutral Y N N N N Y Y Y Y Y
Iflcludes demand v N N N N Y % % Y Y
side
Mamtam optimal v v Y % v Y % Y Y N
dispatch
Transparency Y N N N N N Y/N Y Y Y
Uplifts Ex-post  Ex-post Ex-post Ex-post Ex-post Internal  Internal None None None
Egc;ng problem LpP LpP CP LP LP+ NLP LP LP LP+ MIP*

* Combination scheduling and pricing run, lineatized MINLP; all other methods are post-UC pricing runs

13 System operators in most markets first determine the generation schedule and then determine
prices through a separate ‘pricing run.” Details on these two models are described in Section
2.5.1.
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The table does not necessarily suggest a single dominant method, but can be used as an
evaluation tool for the pricing schemes. Since no method is best in all critetion, there are trade-
offs. A market designer can prioritize the criteria and select a method that best meets the needs
and objectives of the market and its stakeholders.

Methods for non-convex pricing must recover any make whole payments through some
allocation system. A simple approach would levy a fixed $/MWh fee to all loads. Few of the two-
part pricing methods explicitly describe how uplift costs will be allocated, and there is little
allocation literature focused on electricity. A general discussion of the theory and applications of
cost allocation to many industries can be found in a series of essays edited by Young [66].
Electric market literature on cost allocation is mainly focused on transmission investments, such
as a comparison of methods for cost allocation of transmission lines [67], [68]. As discussed in
Section 2.2.2, we use Ramsey-Boiteux pricing to determine cost allocation through demand

elasticity.

2.4 ASSUMPTIONS

There are several assumptions made in the model and algorithm. Each assumption is
described briefly in this section, with further explanation of the impact of each in the discussion

in Section 2.8.

2.4.1 Demand-Side Bidding

Although common in electricity market modeling, demand in this formulation is not
infinitely valued, i.e., demand is assumed to be responsive to price. We assume that consumers
bid their true value into the market; although it is possible that the bid is large (>> supply offer),
it is not infinite. With completely inelastic (fixed) demand, methods like Ramsey-Boiteux cannot
be used capture any flexibility for assigning payment of fixed costs, meaning there would be no

advantage to discriminating among different consumers when recovering costs. Any costs that
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arise from the market (such as uplift) are guaranteed adequate because there is no value assigned
to demand, i.e., demand is modeled as completely inelastic. In an experimental design, the
authors in [69] show that demand side bidding reduces the exercise of market power and brings
prices to a competitive level. Although the implementation is simple, in that we assume that
demand bids are step functions, this is not a limiting assumption, as the procedure can be
adapted to continuous downward sloping demand. Advances in demand side participation is not
the focus of this pricing method, and well researched details on necessity, benefits, and
experience can be found in Chapter 2.6 of [70].

The approach does not require an elastic demand side, but the market is more efficient when
demand is elastic and demand-side participation is taken into account. Demand-side participation
has become the focus of a great deal of research and interest in recent years, although the
authors agree that it will take many years for the majority of demand to become elastic [71]—[73].
Mathematically, any variable the represents unserved load in market models can be considered to
be a proxy for demand bids: load will not consume (be curtailed) if it reaches some value, albeit a
very high value. DPA can be easily applied even if a majority of demand bids at a high value (e.g.,
$10,000/MWh).

Many markets today allow for price responsive demand, although participation is low. The
actual percentage of load bidding into markets is difficult to estimate [74]; CAISO saw between
500-1000 MW bid in near the cap in each month in the latter half of 2016 [75]. NYISO offers

economic based demand response programs, with more information available in [70].

2.4.2 Single-Node System

The DPA model is intentionally simple in order to examine the new mechanism without
introducing the complications of a network. Interpreting pricing from a network model would
also involve consideration of the impact of congestion. All examples in Section 2.7 are single-

node or can be considered a copperplate network. The addition of an electric network and other
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generation constraints can be added in future research. Their addition is not necessarily
straightforward, since complications arise: how should uplift be allocated across a network, can

ramping constraints be properly represented, will reserve prices impact energy prices?

2.4.3 Penalties and Lost Opportunity Costs

The DPA method enforces administrative penalties rather than lost opportunity cost (LOC)
payments to incentivize following the operator dispatch signal. There can be many types of lost
opportunity costs in electricity markets. If generators are dispatched for reactive power support,
voltage support, reserve, or other ancillary services, they are generally eligible to receive some
type of lost opportunity cost payment. In these cases, the generators are asked to deviate from
normal operations by the system operator and receive payments as reimbursement for gross
margins they could have received if they were allowed to follow the original dispatch orders.
These payments are due to operator action and, in the case of operating reserves, are
automatically calculated by the market software, and are unaffected by the DPA method.

Since following the efficient dispatch along with the LMP may cause participants to forego
additional profits, specific rules are required to ensure generators maintain output. As part of the
DPA procedure, administrative penalties are calculated to disincentivize generators from
deviating away from the dispatch signal. In addition to the penalty, any redispatch costs due to
uninstructed deviations should be paid by the generator. A further discussion of penalty

definitions and additional market rules is presented in Section 2.5.6.

2.5 MODEL FORMULATION AND SETTLEMENTS

In this chapter, we explain the derivation of the DPA constraints using a multi-period
model, first explaining the canonical unit commitment model and dual problem. The multi-
period model is an extension of the single-period model originally published in [77]. Although

they are not equivalent, the following presents the derivation of the multi-period case together
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with some observations on the single-period model. Section 2.5.1 explains a basic unit
commitment model and its dual problem. The settlement that is obtained from the basic model
based on [43] is explained in Section 2.5.2. Modifications made to the dual problem to formulate
the DPA are described in Section 2.5.3, and additional constraints to manage non-unique prices
are in Section 2.5.4. The full DPA formulation is in Section 2.5.5, with additional rules explained

in 2.5.6.

2.5.1 Unit Commitment Model and Dual

The formulation in (2-1)-(2-7) is the canonical unit commitment problem from [43]. Without
transmission, reserve, and other generator characteristics, the unit commitment problem
becomes a simple model that, as the name suggests, commits generators for the following day
and used in real-time commitment for short start units. The objective in (2-1) is to maximize
social welfare or market surplus. Both demand bids and generator offers are included, where
generators can bid startup and fixed operating costs. Constraint (2-2) matches supply and
demand in each time period. The generator minimum and maximum operating limits are in (2-3),
and (2-4) defines the logic for the startup variable. Constraint (2-5) places bounds on the
maximum and minimum dispatch for demand. Finally, (2-6) and (2-7) define the variables u;,
and z;; to be binary, making this model a mixed-integer linear program. Chapters 3 and 4 will
explain a more complex unit commitment model, which also includes generator ramping,

minimum up and down times, transmission, and reserve constraints.

max Yrer(Tiep birdic — Tiea(Ciebic + cf uir + ¢§V2,)) (2-1)
z, du—z_ pie =0 VeeT 2-2)
LED iEG
Py < pie < PP Uy ViEGLET (2-3)
Ujp — Ujpq < Zit Vi€ G,t € {2..T} (2-4)
0<d; <dmr* VieD,teT (2-5)
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w; € {0,1) ViEGteT 2-6)

zie €{0,1} VieGteT 2-7)
The formulation in (2-8)-(2-14) is the post-unit commitment pricing run. The post-unit
commitment model is the second model the market software runs, where the scheduling run in
(2-1)-(2-7) 1s the first. There are many other runs that can occur, including models for market
power mitigation, where supplier offers can be moditied if they are suspected of attempting to
exercise market power, and runs to ensure reliability. The literature of mixed-integer
programming has proposed several alternative definitions of dual problems for MILPs, so a
determination must be made about how to define prices. In all U.S. markets for slow generation,
asin [43], marginal prices can be calculated from the LP that arises when the binary variables are
fixed to their optimal solution from the scheduling run. The major differences in this model
compared to the scheduling run are constraints (2-13)-(2-14), which fix the binary variables (u;
and z;) to the optimal value from the unit commitment problem. The variables in the right
column are the dual variables for each constraint. Variations on this pricing method used in

actual markets are described in Section 2.6.

max Yyer(Biep biedie — Riea(Cuebie + ¢ e + ¢V 2,1)) (2-8)
Z- dyy — Z pie = 0 VteT A (2-9)
ieD ieG
PP < pie < PP VieGteT g, gmn (2-10)
Ui = Uieo1 < Zie Vi€ G, t€(2.T) 55U @2-11)
0 < dy < de* VieDteT amex 2-12)
Ui = Ut VieGteT LYy (2-13)
Zi = 2}y VieG,teT it (2-14)

The dual formulation of the pricing run can be found in constraints (2-15)-(2-20). Parallel to
the above model, the right column shows the primal variables associated with each constraint in

the dual problem.
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min Yer(Xiep dlmax ai ™ ZlEG(ulté‘l:lé + ZLL‘(SZL‘))

(2-15)

A + ot = by, VieD,teT dit (2-16)

—A, + pmax — gmin > ¢ VieGteT Pit (2-17)

S8V — 85U, + S — pmexpmax 4 pringmin = —c9Cvie G, t € {1..T — 1} Uje (2-18)
82 — 85U = —¢SU VieGteT Zie (2-19)

@max, gmax gmin > Vie GUD,teT (2-20)

2.5.2 Settlements Derived from the Dual Problem
Using the dual formulation, we can formulate the dual pricing algorithm using the economic
principles discussed in Section 2.2. From strong duality'* of the primal and dual post-unit
commitment linear programs, the optimal primal and dual solutions (if both are feasible) must
satisty:
YterQiep biedie — Tica(Cubic + i + ¢V 2:)) (2-21)
= YrerQiep & aif™ — Xiec(Witbi; + 21 611)).

For generators, the dual constraints for the dispatch and commitment variables in (2-17) and
(2-18) must be modified to reflect the startup decision in order to enforce non-confiscation in
the pricing method. In current markets, the price paid by the ISO is A;*, or the dual variable of
the node balance constraint. For i € G, from (2-17) and complementary slackness,

(=27 + BIxes — BRI 4 ¢ )pjy = ViEGtET (2-22)

If uj, = 1, then from (2-10) and complementary slackness,

(pie =" BE = VieG*teT (2-23)
(py — pMm)prrines = VieGHteT (2-24)
Using (2-22), (2-23), and (2-24) in (2-18), a one period model (excluding 8;"”) produces the

classic economic result that profits are revenue less costs, or

14 Strong duality occurs when both the primal and the dual problems have optimal solutions,
then their objective functions will be equal [17].
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S8 = pi (A — cip) — ¢ Vi€EG. (2-25)

That is, 6} is the LMP payment less the marginal and fixed costs incurred. Unfortunately,
there is no guarantee that 8" is non-negative, that is, non-confiscatory. In the multi-period case,
we sum together the 8" constraints in (2-18) for all periods to create (2-26) and sum the startup
petiods of (2-19) to obtain constraint (2-27). The sum of (2-26) and (2-27) then define a total
linear profit function for the operating periods in (2-28). Both (2-23) and (2-24) are again
substituted into (2-18), producing a total profit function for a multi-period model in (2-28),

where T; is the number of time periods in which the generator starts up (t € Tz, = 1), T" is a

dynamic set that refers to the total run periods (all startups to shutdowns, T” = {t € T|u;, = 1}).

A = Yierr 6" = ZtETr(p;t A —ci) — Ci‘lc VieG*t (2-26)
Alz = ZtET 512;* = _TicigU Vi € G+ (2—27)
I; = A} + A7

sU VieGt (2-28)

= Beerr e (A" = cir) — i) — ¢

Similar to the single period result, (2-28) provides the classic economic result that the total

profit under LMP pricing for generation is the payment received less the variable and fixed costs.

In the cases when the generator is turned off, or uj, = 0, we can write a separate profit
condition; rearranging (2-17), we have

AT > A — it VieGoteT. (2-29)

Substituting (2-29) into the startup condition of (2-18), and summing over time as described

in (2-28), we obtain
; 0
I, = Z ) (piTax(A;* — ) — Cict):c _ TiCiSU Vieq (2-30)
teT”

We have the following four potential outcomes for uj, that demonstrate the need for make-

whole payment and penalties.
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e When uj; =1 in one or more periods and AY¥ +Af <0, then a make-whole
payment, —(4} + A7), in addition to the LMP payment, which does not cover the
offered cost, is needed to avoid confiscation.

e For periods when uj; = 1 or when uj, = 0 in one or more petiods and A¥ + A7 > 0,
then the LMP and a penalty or an LOC payment is needed to incentivize generators
to stay on dispatch. The LMP with penalty provides enough disincentive to price-
chasing and self-scheduling behavior.

e When uj; = 0,Vt (the generator is not dispatch in any period) and A} + 47 < 0, then
the LMP sends the correct price signal. The generator would not profit from an
LMP payment.

As described in [43], there are two basic pieces of the settlement: the price (4;") and the
make-whole payment (4} 4+ A%). Without make-whole payments, the results from the post-unit
commitment problem can be confiscatory. Due to the non-convexities in the market, there is
also a third part of the settlement, which can be imposed as a penalty or a payment. If Af" > ¢;;

max

and p;; < p"®* or A{" > ¢’ and uj; = 0 then the generator faces a lost opportunity cost; if it had
been online or been dispatched to its full capacity, it could have made a profit. In order to
discourage a generator from changing its output or committing themselves in the next period or
market (expecting the price to stay the same), a payment or penalty can be imposed that is the
cost of the lost opportunity. We will assume here that the penalty for self-scheduling is high
enough to prevent inefficient dispatch and the dispatch signal is a quantity signal. The penalty
would be at minimum the value of the lost opportunity cost.

This subsection describes the basic pricing scheme from [43], with an extension to multiple

periods. The result is non-confiscatory for supply but does not specify a make-whole payment

15 A full valuation would consider the average incremental cost of operating, not necessarily the
marginal cost alone, since fixed operating costs would not be recovered if the generator chooses
to self-dispatch or commit themselves into the market. However, this evaluation is dependent on
the generator and their behavior and expectations.
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allocation method that is non-confiscatory for demand. The next subsection modifies into the
primal and dual constraints to uphold the economic principles from Section 2.2 (including non-
confiscation) to construct the Dual Pricing Algorithm. Note that there are no side payments for
demand, because there are no binary variables for demand bids; however, if future demand bids
consist of binary variables, the formulation can be adapted to include any fixed operating costs

incurred.

2.5.3 Transforming the Dual Problem into the Dual Pricing Algorithm

In this subsection, the Dual Pricing Algorithm is developed from the primal and dual
constraints for the post-unit commitment problem. We now add constraints to the equilibrium
conditions on the market-clearing quantity to reallocate the market surplus and ensure non-
confiscation of supply and demand. Consequently, the new price, P74, is no longer necessarily
the LMP. In order to ensure non-confiscation, new uplift payments and charges are introduced
in the algorithm. Both supply and demand can be charged uplift, and similarly can be paid uplift.
The market operator announces the price and settles the uplift payments and charges with each
market participant, both generators and consumers.

The DPA scheme guarantees non-confiscation of generator supply offers. We demonstrate
above that the profit as defined in (2-25) and (2-28) can be negative. To ensure non-confiscation
in the DPA, we introduce an uplift payment, uft, and uplift charge, pf;, that can be impose for
cach market participant. We can redefine the profit condition in and (2-28) with non-

confiscation of the profits Il; as
;= Zt ) (Pl (APA = ¢ + pfy — ) — ¢P€) — 1Y Vi€eG (2-31)
€ T

where we substitute 2274 for A;* and introduce the uplift quantity pj;(uf, — uf,) in each period.

For supply, the profit or non-confiscation condition now is

;>0 VieG* (2-32)
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In order for the DPA to guarantee non-confiscation of demand bids, we substitute (uftd -
pe) for alf®** and A2P4 for 47" in the complementary slackness condition from (2-16), i.e.,

diy(byy — APPA + bt — ped) = 0 VieD,t€T (2-33)

This relationship is then summed over the commitment period to account for all payments

and charges. The net value, dj.b;; — dj; A", for di, > 0 can be defined as
W, = ZteT i, (bie — A0PA + P — g VieD (2-34)

The net value must be nonnegative to ensure non-confiscation, enforced by
¥, =0 vieD* (2-35)

Since the market surplus is positive, the uplift payments and charges simply reallocate market
surplus. Uplift payments and charges are participant specific, avoiding confiscation of any one
participant. Without discriminatory uplift pricing, make-whole payments recovered uniformly
across demand could result in confiscation.

For demand bids i € D not selected (i.e., dj; = 0), the net profit is zero, ¥; = 0. This is true
for any feasible solution to the non-convex post-unit commitment market model. Substituting
A2P4 for A;* in (2-16) and setting ajf™ = 0 because dj, = 0, we obtain the following lower bound
on the DPA energy price.

A2P4 > by, VieD%t€eT (2-306)

This implies the new A£74 will be high enough to ensure an out-of-market bid will not
consume. In other words, unserved load will prefer not to self-dispatch or take recourse actions
that will lower the market surplus.

Since the DPA scheme is run post unit commitment, the criteria to maintain market surplus

is already satisfied for the optimal solution to (pf,dj, uj;, zi;); therefore constraint (2-37) is

enforced but redundant in the formulation.

i€eG ieD
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To ensure revenue adequacy, we balance the uplift payments and uplift charges through the
following revenue neutrality condition. As noted for other pricing methods in [49], this type of
constraint is called a “zero-sum uplift” constraint.

Z [Z d; (1P — ) + Z pi (2 _”"Ct)l - 238)

teT Liep* ieGt

2.5.4 Conditioning

The prices that result from the DPA are in general non-unique. Therefore, a choice can be
made from the alternative prices based on the preference of the operator and market
participants. The price has no coefficient in the objective function, allowing it to vary through a
range of prices (shown in the example in 2.7.1.b). Specific allocation criteria can be embedded in
the model and produce conditioning such as perceived equity or increased transparency.
Conditioning or tuning are broad terms that refer to the additional constraints added to the DPA
formulation to create unique prices or modify the price to resemble operator preference. If the
region wishes to keep prices close to the dispatch LMP, the DPA can maintain close prices and
additionally allocate the uplift. If the market operators prefer a single market clearing price with
no uplift payments, the algorithm can be modified to determine a single price. By providing
tuning capabilities, we acknowledge that factors outside of the mathematical formulation or
economic theory can drive decision making.

There are several types of constraints that can be employed to condition the price. The ones
proposed here use surplus and slack variables to push the DPA price close to the LMP and
produce a unique price; however, a different base price (other than the LMP) can be used if
preferred by the system operator. The constraints can either assign the surplus and slack
variables to individual periods or use a single set of variables for all periods. The impact of these

constraints can be seen in examples in Section 2.7.
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We offer two options to ‘tune’ the price. Both condition the LMP by keeping the new price,
APPA (lose to the dispatch LMP, A}, with penalties for deviations. To minimize the relative
deviation, we construct (2-40), and (2-45) in the next section. In (2-40) there is a single surplus
and slack variable for the entire run time, while in (2-45) there are surplus and slack variables for
each period. Using these constraints can either concentrate high prices in one period or
distribute them across all periods. The second option in (2-39) minimizes the absolute deviation
across time.

APPA — 2 — 2P + 280 =0 VteT (2-39)
(APPA — A7) /27 — 2P 4+ 29" = 0 VteT (2-40)

If an operator was concerned about price spikes, we also may want to condition the uplift
payments. Many possibilities can be considered. One possibility is to limit the maximum
allowable payment and charge by the constraints listed in (2-41) and (2-42). However, this may
result in insufficient cost allocation (an infeasible solution).

ph < ™ pf < pfm ViEGHtET (2-41)

d d P +
Pt < P ed o cdmax VieD*teT (2-42)

2.5.5 Dual Pricing Algorithm (DPA) Formulation

We now formulate the DPA model using the modifications of the dual problem described in
Section 2.5.1, with one conditioning constraint to make the prices unique. The objective in (2-43)
minimizes the uplift payments made by both generation and demand. Constraint (2-44) is the
uplift revenue neutrality constraint and (2-45) is one option for price conditioning. Constraints
(2-40) and (2-47) are the generation profit and demand value respectively. A demand bid lower
bound on pricing is in (2-48), and (2-49) and (2-50) ensure non-confiscation. Finally, (2-51)
contains the nonnegative variables.

minz [Z Al + Z DD, + PP 4 canggn (2-43)

teT LieDp* iec+
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[Z di(u — uit) + Z pi(uf, — uft)] =0 (2-44)

ieD* ieG*
(P4 =227 = A + 2 = 0 veET (24
¥ = Z die(bie — 2274 + .“lptd — uit) VieD*  (2-40)

teTy

m; = ZtET (p;t(A?PA —Cip + nu'l.?t - .“ict) —ujep’) —wci? VieGt (2-47)
APPA > b VieD%teT (2-48)
¥, >0 vieD* (2-49)
1,20 VieGt  (2-50)
Wi e 0 i 7, 287 2 0 vieDUGteT (2-51)

Theorem 1. 1f there exists an optimal solution to the primal unit commitment problem, that is,
the maximize market surplus problem, then there is a feasible solution to DPA.

Proof. A feasible solution to (1) is obtained with d;; = p;; = z;; = 0 and MS = 0. From the
post-unit commitment problem and summing together (2-44), (2-46), and (2-47), we have
MS* = Yiec I + Xiep Wi = 0.

From complementary slackness of (2-3) with the binary fixed at its optimal value, there are

max** Bmm**

three possible cases for the values of pj, , and
@) if p;, = p"%*, then BP¥** > () and ™ = 0;
(b) if pf, = pM™™", then B%** = () and BF™* > 0;
(©) if pj; € (P, pmax), then BIRax™ = gmins* = 0,
Therefore pj, (B4 — pIins) = pnax pmax= — pminpmin=* Prom complementary slackness
of 20),p;; (A" —ci) = plt(ﬁma"** - mm**) As shown in (2-28), A} + A7 is the linear surplus of

generator § € G. From complementary slackness of (2-16), di(b; — Af") = djaf**™, and

di;af**™ = 0 since dj; and a}**™ are both nonnegative.
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We partition { € G into three sets G' = {i € G: A + 47 > 0 and wir, = 1},6" ={i e G:4* +
47 <Oandujy, =1},and 6" = {i € G:uj, = 0}.1I; = O foralli € G""".
MS* = Yiecl; + Xiep Vi =
Yiee I + Yiegn Il + Xiep ¥i =2 0
Yieo I + Xiep ¥i = — Lieon II;
Let APPA = 27" and use the previously mentioned complementary slackness conditions to see
that
I; = A + A7 + ZtET(p;tlulpt - pi*t.uict) and
Wi = Seer dipat™ + dipiy - dipnff
Let uf, = u?? = 0 on the LHS, i, = 0 on the RHS, and substituting for I1; and ¥:
Dieg'(4f + A — Teer Dichip) + Ziepr dipaiy ™" — dippfd
2 —Yiecn 4 + A7 + Ler pi*t,u?t
Then we can select payments and charges:
Foralli € G", let Tper pizpth, = —(4Y + A7) > 0. This satisfies (2-48) fori € G".
Forall i € G’ select uf, and puf? such that,
Yeer Yieo Pl + Liep dTuf® = Yrer Yiegr Pi*tlilpp
Yeer Dicltsy < A + A7 fori € G', and
Yrer diuid < Yier diy @l fori € D.
The selection criteria are equivalent to (2-44), (2-49), and (2-50).
From strong duality of the post-unit commitment problem and its dual problem, we know that
MS™ = Yiec Ai + A7 + Xieper diait™™" = 0, and
Yica' A + A7 + Yieprer it ™™ = — Yieon SLuTi* + zZT*l*
Therefore, the generators i € G’ and demands i € D have enough linear surplus to satisfy (2-49)
and (2-50).

Constraints (2-44), (2-46), (2-47), and (2-51) are satisfied by the construction.
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For dj, = 0, complementaty slackness requires A;" > by, so (2-48) is satisfied and the DPA

has a feasible solution. m

2.5.6 Rules for Uninstructed Deviations

A new pricing rule cannot be implemented in isolation. Consideration of generator and
demand behavior must be explicitly incorporated into the price or developed alongside market
rules. Given the chance, all market participants will act in their own best interest and not that of
the social optimum. When a generator sees a price above its marginal costs, it will be inclined to
produce as much as possible to increase profits. Similarly, rational customers will want to
consume more given lower prices. The latter issue is addressed in constraint (2-48). The former
leads to a discussion of uninstructed deviations, or colloquially, price chasing, and methods
needed to maintain the efficient dispatch.

There are two main methods utilized to ensure market participants stay on dispatch: lost
opportunity costs and penalties defined by market rules. The use of either should make a
participant indifferent between deviating from the dispatch signal and maintaining the optimal
dispatch. For ease of understanding, the following simple example will illustrate the issue. Two

generators and two loads have the characteristics in Table 2-2.

2.5.6.a Lost Opportunity Costs: Demonstrative Example

Unit commitment would dispatch Generator A to 30 MW and Generator B to 70 MW. The
LMP would be $40/MWh, which is the cost of Generator A. Both Generators A and B would
receive uplift payments, $500 and $1900 respectively. To examine the impact of opportunity
costs and penalties, we first compare the outcome using an existing pricing method, namely,
Midcontinent ISO’s ELMP. This method relaxes the binary variables in (2-6) and (2-7) rather
than fixing them to the optimal level as was done in (2-13) and (2-14). In the problem above we
can relax the binary constraints and determine the single period ELMP, $65/MWh.
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Table 2-2: Characteristics of example market participants

Participant Marginal cost or value Startup cost Min Capacity Max Capacity
($/MWh) ®) MW) MW)
Generator A 40 500 0 98
Generator B 60 500 70 100
Demand 1 1000 - 0 80
Demand 2 67 - 0 20

Under ELMP, Generator A would be paid a price of $65/MWh, much higher than its
marginal costs, and yet it is not dispatched to its maximum. The generator would understandably
be incentivized to produce at its maximum capacity to capture further profits. Any pricing
method that raises the price above the traditional LMP will need to designate a method to
disincentivize this behavior. If Generator A deviated from the dispatch signal, it would make an
additional $1575. The operator can either pay Generator A $1575 or penalize Generator A §1575
if it deviates. Both actions should have the same impact, either should incentivize Generator A to
maintain the 30 MW dispatch signal.

Assuming an even distribution of the opportunity cost payment, demand would be required
to pay an additional $15.75/MWh. Due to the high marginal bid of Demand 1, it will see a small
decrease in total value. Demand 2 will be asked to pay more than its marginal bid (payment of
$80.75 > $67). Although Demand 1 would still maintain positive surplus, Demand 2 suffers a
loss. While there is enough consumer surplus to support the prices, Demand 2 does not have
enough value to pay the new price. The method of paying a lost opportunity cost is confiscatory
if uplift is socialized.

If the operator instead chose to impose a penalty with a value of $1575, the Generator
would not see benefit in increasing output and the market would remain revenue adequate.
Penalties also do not impact confiscation of demand. This is a stylized example, and changes to
the bids and offers would necessarily change the outcome. This simple example explains part of
the motivation for using penalties; there are cases in which paying lost opportunity costs are not

revenue adequate and result in confiscation. New proposals for pricing must consider all impacts
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to the market; both penalties and lost opportunity costs can result in the same incentive for
generators, but the latter does not ensure bid cost recovery for all participants.

One of the reasons the DPA uses penalties over lost opportunity costs is to ensure non-
confiscation and revenue adequacy. The example above showed confiscation, while the example

in Table 2-3 shows revenue inadequacy.

Table 2-3 Characteristics of example market participants

Value Max demand Marginal cost Startup cost Min Capacity Max Capacity

Buyer|s/Mmwn)  quw) “ Gen(s/Mwh) ®) MW) MW)
|
1 | 45 60 A 30 900 0 200
| B 40 100 10 200

With the parameters given in Table 2-3, the basic unit commitment market would clear with
Generator B supplying all demand for Buyer 1, and Generator A remaining off. This occurs
because of the high startup costs for Generator A. The market cleating price is $40/MWh (due
to Generator B), and the market surplus is $200. Because the market clearing price is above the
marginal cost of Generator A, it will be incentivized to startup unless a penalty is imposed or a
lost opportunity cost is paid. The penalty or cost should be greater than $1100 (= 200 MWh *
($40/MWh - $30/MWh) - $900); however, there is not enough market surplus to pay Generator
A. Therefore, the market is revenue inadequate if a lost opportunity cost is used. Again, this is a
simple example, but shows the undesirable characteristics of lost opportunity costs.

In the case of completely inelastic demand, the market will always be revenue adequate
because all costs can be levied on demand. Any uplift or lost opportunity cost will be paid
through the ‘unlimited” demand side value. This proposal models a two-sided market to show
that this is not the case if the market is elastic, even if it is only partially elastic. While this is also
true for uplift payments, the following example shows how lost opportunity costs are not
guaranteed to be revenue adequate. There is not always enough surplus in the market to cover an

additional lost opportunity cost payment.
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2.5.6.b Lost Opportunity Costs: Current Practice

There are many types of lost opportunity costs currently used in electricity markets. If
generators are dispatched for reactive power support, voltage supportt, reserve, or other ancillary
services, they are generally eligible to receive lost opportunity cost payments. In these cases, the
generators are asked to deviate from normal operations by the system operator, and receive
payments as reimbursement for money they could have received if they were allowed to follow
the original dispatch orders. These payments are due to operator action, and are different than
those discussed in Section 2.5.6.a.

We are specifically discussing (active) generator deviations from the optimal dispatch signal
sent by the operator; meaning it is an intentional deviation often called ‘“uninstructed
deviations.” Most markets discourage this practice through penalties. At publication, only ISO-
NE pays lost opportunity costs. All other ISOs choose to penalize generator deviations beyond a
dead-band [35], [78]-[82]. NYISO confiscates the energy, meaning they do not pay for the
additional energy produced. MISO already has thresholds for ‘uninstructed deviations’ and is
considering updating the rules and penalties based on suggestions from their market monitor. In
the 2016 State of the Market Report, the market monitor suggests that improving these penalties
“will improve suppliers’ incentives to follow MISO’s dispatch signals and will, in turn, improve
reliability and lower overall system costs” [82]. In addition to confirming the argument presented
in 2.5.6.a, the references above show that the use of penalties in the DPA is a continuation of
most ISOs’ current practice and not a significant change to current electricity markets.
2.5.6.c Lost Opportunity Costs: Clarification of Methodology and Liquidated
Damages

Any auction market follows a set of rules. If a participant chooses to enter the market, they
must agree to follow and conform to the rules. Each electricity market operator establishes rules
in their tariff. In order to bid and be cleared in the market, these rules must be followed. If a rule

states that a participant must follow the dispatch signal for the periods in which it actively bids

47



into and is cleared in the market, then it should not need additional incentives to follow the rule.
Rather, there should be consequences for failing to follow the policies. The consequences we
propose consist of a penalty and payment for liquidated damages.

The example above demonstrated one example penalty, and this section will further define
the quantitative method proposed to impose penalties. The basic procedure uses the value of the
lost opportunity cost payment as a penalty. Any additional profit that a generator would make by
deviating away from the optimal dispatch should be the total value of the penalty. A
straightforward calculation is

Leer AL (P = pip). (2-52)

For the quantity of energy generated above dispatch signal, the generator would receive the
LMP rather than the DPA. In the case of the example above, if Generator A deviated and
produced an additional 10 MW, the 10 MW would be compensated at $40/MWh. In addition to
the penalty and the lower price, we contend that any generator that deviates also pay the
redispatch costs, or liquidated damages.

Generally, contracts that involve the future exchange of money or the promise of
performance have a liquidated damages stipulation. A liquidated damages payment is monetary
compensation for a loss from a breach of contract. This stipulation establishes what must be
paid if a party fails to perform as promised. In contract law, liquidated damages are considered
reasonable in light of the anticipated or actual harm caused by the nonperformance (breach of
contract). In the case of electricity markets, the liquidated damages payment would be the
rebalance costs due to a generator’s deviation from their optimal schedule. The deviation would
be a breach of contract, and the harm to the system is the rebalance costs.

In total, the DPA will be composed of several elements and accompanying rules. The energy
price and uplift payment or charge is the primary result of the DPA formulation. To discourage
uninstructed generator deviations, the excess power generated will only receive the LMP as an

energy price. In addition, there will be a liquidated damages stipulation requiring the generator
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pay any rebalance costs. The combination of prices and market rules should incentivize a core

economic principle from Section 2.2: efficient participation and investment.

2.6 ALTERNATIVE PRICING METHODS

2.6.1 Extended LMP

As discussed in Section 2.3, there are many alternative proposals for pricing methodology.
While most ISOs have implemented some form of alternative pricing for fast-start units, the
most prominent is called Extended LMP, implemented by Midcontinent ISO with similar
methods used by New England ISO [35], [58], [83]. Due to the difficulties implementing convex
hull pricing, the convex hull is approximated by relaxing the binary commitment variables. The
method is under its second update (ELMP 2.0), and therefore the formulation shown below is a
single period approximation, not an exact replicate of current practice. The examples in Section
2.7 compare DPA prices to ELMP, therefore we offer a brief explanation of the method.
Constraints (2-53)—(2-57) are the same as the unit commitment and post-unit commitment
problem. The difference lies in the relaxation of the binary variables in (2-58)—(2-59). By relaxing
the commitment, the minimum capacity of the generator can dip below p/*™, and fixed costs can
be incorporated into the price. The new price will minimize uplift and lost opportunity cost

payments, but not eliminate uplift or ensure non-confiscation [84].

max Yyer(Biep biedie — Riea(Ciebie + ¢ e + ¢V 2,1)) (2-53)
Z' dit_z, pie = 0 VtET At (2-54)
1ED i€EG
P < pie < PPy VieGteT B, Bt (2-55)
Uy — Uy g < Zyg Vi €G,t €{2..T} e (2-56)
0<d; <am™”* VieD,teT aji (2-57)
0<uy,<1 VieG,teT & (2-58)
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0<zy<1 VieGteT 8t (2-59)

2.6.2 Average Incremental Cost Pricing

The minimum single price to recuperate all fixed operating costs is the average incremental
cost of the marginal unit. Any price below the marginal unit’s average incremental cost will result
in an uplift payment. Although average incremental cost pricing is not implemented in any
market, it is a useful method for comparison because it results in no uplift. It is also helpful to
compare the prices from average incremental cost pricing because the DPA often produces
equivalent prices. There is no rigorous proof for this statement, primarily because it is an
observation from working examples and not necessarily always equivalent. Unlike other pricing
methods which will necessarily produce certain prices (see Table 2-4), the prices resulting from
the DPA uphold the economic principles explained in Section 2.2 without a constant direct
correlation to the cost function of the marginal generator. In a simple model with a single period,
single node, and no other generation characteristics (i.e., ramping, reserve, etc.), the LMP will be

the marginal cost of the marginal generator.

Table 2-4 Characteristics from Other Pricing Methods

LMP ELMP AIC
. . C_cgc ngc
Single-period Cit cie + (Iln_ax) Cip + ( I.* >
P; Die
0oC | .SU 0oC , .SU «
o OC 4 ¢SU/MRT 0C 4 :
Multi-period Cir i (Clt PCI;ax/ ) co + (Clt C,p*/ vt p1t>
i it

Note: The allocation of startup costs for AIC pricing depends on the implementation of multi-period rules
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2.7 EXAMPLES

We explore several examples to illustrate the capability and flexibility of the DPA. The first
section shows examples for a single-period model, demonstrating some fundamental concepts
for DPA pricing and comparing with popular examples in the literature. The next section shows
the prices that can come from multi-period models. These examples show how pricing in a single
period context does not always easily extend to multiple periods, meaning multi-period pricing

can be more complex and is not single periods added together.

2.7.1 Single Bus, Single Time Period Examples
2.7.1.a Two-Generator Example

Considering a one period example with the data provided in Table 2-5, the optimal dispatch
is Generator A = 40 MW and Generator B = 90 MW with an LMP of $60/MWh. Generator A
will profit while Generator B will operate at a $500 loss, shown in Table 2-7. The DPA
determines the modified LMP to be A4 = $65.56/MWh, which recovers Generator B’s startup
costs by charging an additional $5.56/MWh to both buyers. Since the new LMP is above the bid
of Buyer 2, Buyer 1 pays an additional $1.37/MWh (u? d) making Buyer 2 break even by receiving
a payment of $4.56/MWh (us%). The 1P°P4 reflects the incremental cost of serving load and the
resulting settlement leaves Generator B and Buyer 2 at a break-even point, Generator A with
increased profits, and Buyer 1 with decreased additional value.

These prices and profits can be compared with the ELMP model. As shown in Table 2-7,
ELMP produces a price of $62.50, which is the marginal cost plus the startup cost amortized
over the total capacity. Generator A receives more profit than under LMP pricing, but less
compared to DPA pricing. Generator B requires a make-whole payment, although it is smaller

than the payment under LMP.
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Table 2-5 Generator Costs

Gen Marginal cost (§/MWh) Startup cost (§) Pmin (M) Pmax (MW/)
A 40 500 0 40
B 60 500 10 200

Table 2-6 Demand Function

Buyer Value (§) Max demand (MW)
1 100 100
2 61 30

Table 2-7 Total Profit and Value

Traditional LMP DPA ELMP
Price $60/MWh $65.56/MWh $62.50/MWh
Generator A Profit +$300 +$522.22 +$400
Generator B Profit —-$500 $0 -$275
Buyer 1 Value +$4,000 +$3367 +$3750
Buyer 2 Value +$30 $0 +$45
Uplift $500 $76.67 $275

2.7.1.b MISO Four Generator Example

Using data from a MISO sample problem in [83], we can look at a range of demand levels
for a single period problem. The generator costs are in Table 2-8, and the single demand has a
value of $100/MWh. Figure 2-1 shows the clearing price for three different pricing methods for
demand from 0 MW — 350 MW. The dispatch LMP (1) spikes when moving from the cheaper
generators to the more expensive (A to C), since it must turn on the generator with the lowest
minimum and highest marginal cost (D) to match demand. The ELMP is monotonically non-
decreasing with demand, forming steps when the expensive generator is needed. Similar to the
dispatch LMP, the DPA price also spikes when the expensive generator is dispatched. The prices
then decrease, showing quantity discounts as the generator reaches it maximum. There are no
uplift payments needed with the DPA, while there are payments required from the LMP and
ELMP. The prices without condition would range from the lower-bound in Figure 2-1 to
$100/MWh, the demand offer. Since APP4 has no coefficient in the objective, the prices output
can vary within that range in every simulation; the GAMS solver returned a value of $100/MWh

without conditioning, although other solvers might return the lower-bound value.
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Table 2-8 Generator Costs

Gen Marginal cost (§/MWh) Startup cost ($) Pmin (MW) Pmax (MW)
A 50 500 20 100
B 52 500 20 100
C 55 500 20 100
D 065 40 5 50
75
70
65
=
E 60
<
&
a, 55
2
50
45
40 T T T 1

Figure 2-1 Snapshots of different demand levels with three different pricing methods

50 100

2.7.1.c Scarf Example

150 200

Demand (MW)

We simulated other small test examples with similar results. A benchmark example created

by Scarf in [85] has been used to demonstrate the versatility of pricing methods. The DPA is

compared with a traditional LMP and uplift in Figure 2-2. The figure shows the changes in price

as demand quantity increases. The prices and resulting uplift payments are shown with blue solid

and dashed lines, while the DPA prices and uplift are shown in black and orange. There are no

uplift payments made at any demand level, and prices oscillate between $6/MWh and $7/MWh

under DPA pricing, the latter being the price of the generator with a high marginal cost and no

startup cost. Under LMP pricing, uplift is required and prices oscillate between $3/MWh and

$7/MWh.
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Figure 2-2 Prices resulting from the modified Scarf example compared with the

determining prices and uplift payments

2.7.2 Multi-Period Examples

traditional method of

The single period examples demonstrate the prices across varying demand levels, while the

following multi-period examples focus on the prices and payments across time.

2.7.2.a Multi-Period, Multi-Generator Example with Conditioning

The generator characteristics for this set of examples are found in Table 2-9 and the demand

value and quantity, and reserve data are found in Table 2-10.

Table 2-9 Generator Data

Gen M?g;gml(/;‘;“ Startup cost (§)  No Load cost (§/h)  Pmin (MW)  Pmax (MW)
A 30 900 100 200 1200
B 50 600 100 50 80
C 60 360 100 25 50
Table 2-10 Hourly Data
1 2 3 4 5 6 7 8
Demand 1,
Value $200/MWh 510 528 546 573 582 588 594 564
Demand 2,
Value $80,MWh 340 352 364 382 388 392 396 376
Reserve (MW) 85 20 20 20 20 20 20 20
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The resulting prices are in Table 2-11, showing the difference between the two types of DPA
conditioning and the traditional LMP, A}. In the first conditioned DPA price, APPA the penalties
are imposed in every period (constraint (2-45)), while AP PAs imposes a single penalty on all
periods (constraint (2-40)). The impact is uniform prices for all periods compared to a higher
price in a single period. Another notable impact is on uplift payments. The dispatch LMP
imposes a $1700 uplift payment on the system, while both conditioned DPA prices incur no
uplift. This is an example where the DPA produces a single market clearing price, and there is no

need to follow uplift allocation guidelines.

Table 2-11 Prices & Payments

Uplift
1 2 3 4 5 6 7 8
®
: 30 30 30 30 30 30 30 30 1700
APPA- 13023 3023 3023 3023 3023 30.23 3023 30.23 0
APPAY 30 30 30 30 30 30 31.72 30 0

2.7.2.b RTS Test Case

We examine the generation from a modified single zone RTS96 test case [86]. The generator
characteristics and load data are found in Table 2-12 and Figure 2-3. All generators were located
at a single node with 24 houtly simulations. The resulting generator profits and demand value are
in Table 2-13, and prices in Figure 2-4. As expected, the total social welfare remains the same
between the two simulations. In order to reduce uplift and provide proper incentives for
investment, there is a transfer of surplus between consumers and producers. With zero uplift, the
price provides a transparent indicator for investment; it allows investors to evaluate if their unit
could enter the dispatch. While the only guaranteed method of analysis for market entry would
involve rerunning the dispatch with the potential unit, the transparency of the DPA price sends

more information to potential entrants than a marginal pricing method alone.
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Table 2-12 Generator Data

G X Pmax Pmin cstartup cmarginal cnoload
o Q. aw) oW (5/MW)  (8/h)
Oil/CT 4 20 15.8 76 163 1139
Coal/Steam 4 76 15.2 1061 19.64 131
Oil/Steam 3 100 25 4754 75.64 840
Oil/Steam 3 197 68.95 6510 74.75 1160
Oil/Steam 5 12 24 571 94.74 73
Coal/Steam 2 155 54.25 1696 15.46 253
Nuclear 2 400 100 2400 5.46 215
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Figure 2-3 Houtly demand for the modified RTS example

Table 2-13 Surplus & Payments

0 IIIlllll“““l“““lll

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Traditional LMP DPA
Generator Profits $2,244.014 $4,765,784
Consumer Value $5,233,475 $2,711,704
Uplift $10,768 $0
400
— LMP
= 300 —DPA T
=
Z
> 200 —
5y
B
£ 100
0
1 11 16 21
Hour

Figure 2-4 Hourly price comparison
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2.7.2.c Multi-Period Comparison with Uplift

This 8-period example compares prices that result from four different pricing models: LMP,
ELMP, DPA, and average incremental cost or locational incremental price (LIP). The generator
characteristics can be found in Table 2-8 and demand data in Table 2-14. The dispatch can be
found in Table 2-15, where the underlined values represent generators dispatched to their
minimum operating levels. The resulting energy prices in Figure 2-5 show several trends. Both
LMP and DPA remain the same for the first four periods, while ELMP and LIP increase for
periods 3 and 4. In these periods, Gen B is at its minimum capacity, making Gen A the marginal
unit. The same occurs when Gen C is at its minimum in period 6; both the ELMP and LIP
increase, while the LMP and DPA remain the same. The DPA behaves this way due to its tuning
to the LMP. In this case, the conditioning constraint in (2-40) is modified so that the surplus and
slack variables are the same in every period, i.e., (APP4 — 2;* ) /A;* — AP + 29" = 0. The DPA is
slightly higher than the LMP in each period, with a small allocated uplift. The DPA allocates the
uplift payment of $8.89/MWh to Gen C and charges Demand 2 $0.49/MWh. Demand 2 has a
higher value bid compared to Demand 1, and receives the full uplift charge. The uplift for the
other methods can be calculated as a single lump-sum charge to demand; the LMP uplift

payment is $3110, ELMP payment is $197.20, and LIP payment is $0.

Table 2-14 Hourly Data

1 2 3 4 5 6 7 8
Demand 1, 510 550 620 597 600 636 G40 520
Value $80/MWh
Demand 2,
/AW 600 608 626 653 662 668 674 G4

Table 2-15 Hourly Generation in MWh where Underlined Values are at Minimum Capacity

1 2 3 4 5 6 7 8
Gen A 1110 1136 1196 1200 1200 1200 1200 1164
Gen B 0 0 50 50 62 79 80 0
Gen C 0 0 0 0 0 25 34 0
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Figure 2-5 Prices from 8-period comparison example

2.8 DISCUSSION

The examples in the previous section show the prices and costs that can result from the
DPA. While not guaranteed to always occur, there are several common trends in the examples.
DPA prices tend to be higher than the traditional LMP and the ELMP. This is not surprising due
to the incorporation of fixed costs, and low or no uplift payments. While ELMP minimizes uplift
payments, they are often nonzero. With zero uplift, the additional cost is incorporated into the
prices, causing them to be generally higher than LMP prices. Higher prices should not be
perceived as positive or negative; however, when there are no private side payments, there is
increased transparency in the market. Additionally, compared to pricing mechanisms that are
non-decreasing (like convex hull), prices are more volatile. Due to fixed costs, DPA prices are
closer to the average incremental cost of delivering power, which is a decreasing function with
respect to demand for each generator. As discussed in Section 2.2, volatility should not be

considered an objectionable trait, rather one that can reveal the true value of producing power.
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Pricing mechanisms should produce efficient prices, ones that support the optimal schedule.
In combination with deviation penalties, the DPA prices support the optimal schedule and
recover all parts of both generation bids and demand offers. The prices also signal points of
entry into the market. With low or no uplift payments, new entrants can better evaluate if their
incremental costs are below the clearing price. While this is not a guaranteed point of entry, it
provides more market information than the traditional LMP. When side payments are needed,
the algorithm allocates them to both supply and demand in particular periods. The endogenous
allocation ensures that demand does not pay more than its offer and supply is made whole. In a
one-sided market (where demand in inelastic), demand will pay any price and revenue adequacy
is guaranteed. Even in markets today there are elastic bids, a trend that is likely to increase as
markets change in response to the shifting resource mix.

The DPA method and resulting prices share similarities with existing methods discussed in
Section 2.3. Similar to all methods but [62], the DPA maintains the optimal market surplus. It
fixes the optimal schedule, like the formulation in [43] and also fixes the dispatch level. The
revenue neutrality characteristic is shared by the single price methods in [44], [61], [62], and the
additional uplift revenue neutrality condition is shared by [59], [60]. Uplift calculations are done
endogenously in the DPA and [59], [60], while other methods either have zero uplift or calculate
the payment ex-post. Both [44] and the DPA may result in prices that are the marginal
generator’s average incremental cost. The DPA method strives to support basic economic
market principles and formulating a pricing method around these principles will cause overlap
with existing methods. However, the DPA upholds all principles simultaneously while
incorporating demand side participation and multiple periods. The extension to multiple periods
helps allocate costs to the periods that cause them. Some methods might have direct extensions
to multiple periods, but most cases are not well-defined.

Unlike other pricing methods which produce prices with a consistent relationship to the cost

function of the marginal cost generator, the DPA prices uphold the economic principles from
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2.2 without a strict relationship to the marginal generator’s cost function. The prices often result
in the average incremental cost. This price has the benefit of eliminating uplift payments,
therefore ensuring bid cost recovery. As mentioned in 2.5.6, the high prices that can occur must
be supported by strong market rules to dissuade price chasing and support the efficient dispatch.
While the prices will be higher than the LMP, the average incremental cost is an incremental
price signal for non-convex entry, whereas the LMP is a weak signal.

The DPA introduces both supply-side and demand-side payments in order to recover costs
due to prices that are above or below a resource’s costs. At present, the demand-side does not
pay uplift based on elasticity, and introducing such payments might adjust demand behavior. In
theory, it might act like a pay-as-bid scheme: demand with low elasticity pays demand with high
elasticity, both recovering only their bid-in value. A pay-as-bid scheme for generation can
increases prices, causing generation to bid strategically at the estimated price rather than their
true marginal cost [87]. Demand might act in the same way, meaning, they would lower their bid
to pay less for electricity. Since there is very little demand-side bidding in markets today, it is
difficult to evaluate this theory on actual customer behavior. In order to actively bid at low
values, the demand must be willing to stop consumption if not selected in the optimal dispatch
(due to low bids). This is a risky endeavor, and would depend on the type of consumer. It is
unlikely that all consumers will be able to stop consuming; however, it also places a burden on
inelastic demand to pay a greater amount of uplift. If the penetration of price responsive demand
increases, further analysis must be done to assess their ability to strategically bid. In this case,

additional rules or regulations might be created.

2.9 CONCLUSION

Spot prices should provide proper incentives for both operations and investment. Electricity
is unlike other commodities due to the fixed costs necessarily incurred during operation and the

need to physically balance supply and demand. Due to these non-convexities, it is difficult to
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determine the ‘right’ price for electricity. Methods suggested in the literature often consider only
one aspect of pricing or are contingent on inelastic demand. This project proposes the Dual
Pricing Algorithm, which brings together many principles surrounding pricing mechanisms:
maximizing market surplus, revenue neutrality, non-confiscation, transparency, signals for market
entry, and side payment allocation. The DPA is an ex-post pricing scheme that upholds these
principles and can be adapted to particular system operator needs. It is a linear program, making
it computationally efficient, and can be incorporated into current ISO software. The approach is
applied to multiple time horizons and can easily include additional operational constraints, e.g.,
reserve requirements. Further work can be done to incorporate these constraints and evaluate

the algorithm on a large network model.
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CHAPTER 3

EFFICIENT ACQUISITION OF
GENERATION RESERVES TO BACK-
UP WIND IN DUTCH ELECTRICITY
MARKETS

Reserve capacity is needed in an electric system in case of a contingency. With the

increased pemetration of renewable energy in the Netherlands, its variable output

can require additional reserve on the system. The Netherlands currently procures

reserve months in advance through long time contracts with little coordination with

its neighbors. If additional reserve is needed, it should be procured at least cost to

the system. This project suggests improvements that can be made to the process of

procuring, allocating, and activating reserve. The simulations wuse a multiple time

scales and modeling across many regions. A model of Europe called COMPETES

is wused to analyzge the improvements, employing a future scenario with a high

penetration of wind across countries. Comparison of different improvements will

elucidate which have the most benefits to the system as a whole, and the methodology

can be applied in many regions worldwide.
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3.1 INTRODUCTION

As discussed in the introduction to this dissertation, electricity is a unique commodity.
Supply must meet demand instantaneously, with no economic opportunities for large-scale
storage in most parts of the world. Due to this instantaneous need, grid operators have
traditionally held backup power capacity at the ready in case of emergencies or contingencies.
Theses can range from load and renewable energy forecast errors to outages of large generators
or transmission lines. If there is more than expected load on the grid, power plants have
automatic detection that increases or decreases output depending on the frequency or regulation
signal. A large change to forecasted load or the loss of a generator would require more power
than an automatic response can produce. In that case, operators call online generators to increase
output. The additional capacity that is held at the ready in case of a contingency or forecast error
is broadly called operating reserves [88], the technical aspects of which will be discussed in the
following section. Operating reserves are primarily procured from generators online or those that
can come online quickly (fast start generators). Procurement and use between the U.S. and
Europe varies greatly, where U.S. uses a market to procure reserve and Europe uses long term
contracts [89].

As variable resources have come online, the need for additional capacity has expanded
beyond generator outages and load forecast error. Renewable forecast error is present in both the
day-ahead and balancing (real-time) markets, forcing operators and policymakers to consider
how to handle the additional variability and uncertainty. Reserve requirements can be inflated to
reflect the added difficulty of renewable forecast error, but this change alone is likely not enough
to manage the quality and quantity of renewable power coming online [88]. The magnitude of
power can be large in some areas, causing strain on other plants to ramp up to support large
renewable generation swings. In other regions, the reserve needed might necessitate a different
type of resource, such as a change in reactive power output. While there are many hypothetical

examples, the issue remains that operators must evaluate how to change reserve products in licht
ples, p g p g
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of increased renewable energy penetration. This chapter evaluates alternative improvements that
could be made to reserve procurement in order to increase efficiency in the network. The
improvements look holistically at reserve, from sizing to allocation to activation, to determine
what changes will decrease costs and impact renewable curtailment.!® The Netherlands case study
will demonstrate which improvements make the largest impact, enabling policy makers to focus
on the most cost-effective strategies. The analysis is holistic, combining multiple aspects of
reserve through different markets (day-ahead and balancing) and across regions.

Reserves can be used in many stages of power system operation. The loss of a generator
during operations is a short-term problem. The need for reserve also arises in long-term
planning; if an operator builds a future system to meet demand exactly, there might be periods of
shortfall. Instead, planning reserve determines the amount of extra capacity needed for
investment decisions, which can impact the reliability of the grid [90]. Although it can have an
impact on future reliability [91], the focus of this chapter is on operational reserve for short-term
operations.

Obtaining operational reserve can generally be divided into three steps: sizing, allocation,
and activation [92]. The sizing of reserve determines how much is needed to be procured, called
a reserve requirement; for instance, three percent of load forecast is needed in every hour or a
fixed amount of MW, as seen in Figure 3-1. The required reserve is then allocated to particular
generators either through long term contracts or through a mechanism in an energy market. In
the real-time or balancing time-frame, the reserves are activated or consumed as needed. This
activation might be the result of operator action, or through market mechanisms (for instance, in
the way the flexible ramping is deployed through normal energy dispatch in MISO and CAISO).

This phase assesses whether there were enough reserves procured and if they were deliverable

16 An alternative approach would be use of stochastic programming, which determines reserves
endogenously rather than ex ante. Although it has not been implemented in an actual market
setting, research is ongoing, with seminal papers [232]—[234]. With increased uncertainty from
renewable generation, stochastic modeling can become increasingly important.
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when needed. While there is great focus on the first stage, sizing, the next two are equally
important for the reliability of the system. An abundance of reserve procured in a congested area
that cannot deliver during a contingency will cause an outage, just as under procurement would.!”
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Figure 3-1 Examples two types of reserve: fixed percentage of load and fixed MW

These issues are all important to assess, and it is not often that a system operator can
implement many changes at once. This study evaluates specific improvements to reserve
procurement, comparing which have the greatest impact on market efficiency. The
improvements directly or indirectly involve each of the three stages of operating reserves
procurement, and compare an existing method with a proposed method. In the Netherlands, the
reserve requirement is presently based on a seasonal average, and capacity is acquired by the TSO
months in advance through long-term contracts with generators within the Netherlands alone
[89].

In the alternative reserve schemes proposed in this chapter, three enhancements are
considered. The first improvement changes the quantity of reserve procured from a seasonal
fixed amount to a value that changes day-by-day. In the summer months, the seasonal quantity

of reserve procured might be high due to expected high temperature during peak summer weeks.

17 Deliverability of a flexible ramping product is currently an issue in California in the Energy
Imbalance Market, the region’s real-time market [235].
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However, temperatures in early weeks might be lower than expected, causing over-procurement
of reserve. The suggested improvement would procure reserve based on the following day’s
expected load; this should provide a tighter bound compared to a seasonal average. The second
improvement is changing the allocation of reserve from long-term contracts to a market
mechanism. The suggestion creates a system similar to the U.S., which co-optimizes energy and
reserve together. The allocation of reserve can follow the least cost dispatch and take advantage
of online generation, rather than contracting with one particular generator. The final
improvement coordinates the allocation and activation of reserve. Each country allocates and
activates reserve independently, with minimal real-time balancing. This improvement would
combine the reserve needs of neighboring countries to take advantage of less expensive
generation. The three enhancements are tested in an hourly market model simulation for Europe
for a year of wind data given the expected penetration for the year 2030. Background on reserve
products and European markets can be found in Section 3.2, followed by a detailed description
of the three improvements and mathematical formulation used in Section 3.3. The simulation
data and results can be found in Section 3.4 with a discussion of the implications and limitations

in Section 3.5.

3.2 BACKGROUND

There are many types of operating reserve depending on their use, and many conflicting
terms across system operators. Reserve types can be distinguished by the response time, physical
characteristics, and the type of event to which it is responding [93]. Most European markets have
primary, secondary, and tertiary reserve [94]. Primary reserve, also called governor response and
regulating reserve, responds within seconds or less and provide frequency support. After an
event occurs, there is usually slow tertiary reserve which replaces reserve that was used for a
contingency. Between these types is secondary reserve, a type of reserve that responds within

seconds to minutes to ease forecast uncertainty and in some cases, follow load. These types of
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reserve also fall into categories of spinning and non-spinning reserve, where spinning reserve is
provided by an online generator and non-spin by a resource that can come online quickly. Most
U.S. markets have further distinctions between types of reserve. Contingency reserve is only used
in an emergency setting and load following reserve is used in ‘non-event’ situations, generally for
balancing due to forecast errors. Generally, all regulation reserve or primary reserve must be
spinning, while contingency reserve might be spinning or non-spinning. The distinctions
between countries and markets is wide ranging; several comparison tables can be found in [8§],
[93], [95]. In the Netherlands, secondary reserve is called automatic or manual frequency
response (aFRR or mFRR) [96],[97], the latter of which is the focus of reserve procurement in
this chapter. This section will first detail broad literature on reserve modeling, particularly the
choice of reserve requirement. Next, specific literature on European institutions, markets, and
procedures will be explained, including studies in the literature and from collaborators most
similar to the work in this chapter.

Reserve modeling has received increased attention in the literature due to the uncertainty
from wind and solar generation. There has been a great deal of literature discussing alternative
reserve models that directly consider uncertainty. A review of reserve markets including a focus
on both modeling issues and technical constraints can be found in [94]. Literature on modeling
extends from competitive market models to theoretical equilibrium models. More recently, a
complementary review of flexibility was published including flexibility metrics, market design,
and the possibility of distribution system operator (DSO) interactions [98]. Finally, a
comprehensive review of different types of reserves in a high wind system can be found in [93],
with country-specific practices and policies and an evaluation of reserve in wind integration
studies.

Much of the literature on reserve proposes new methodologies for determining the reserve
requirement needed [99]—[103]. The authors of [99] propose a new reserve requirement based on

the loss of load costs associated with each period, with only slightly increased computational
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time. The method is generalized in [100], where demand is represented as a probability
distribution and Monte Catlo analysis is used to compate the proposal against traditional reserve
formulations. Another proposed method in [101] for reserve requirement uses a probabilistic
approach that produces an hourly requirement that reduces the risk of load shedding over the
year. While also incorporating the cost of lost load, the authors in [102] explicitly consider
probabilities with a stochastic two stage model, acknowledging the computation burden is high
and proposing methods to decrease the difficulty. In [103], probabilistic sizing is used to
determine reserves that directly considers the cost of activation. Finally, rather than a new
proposal, [104] compares two common requirements, N-1 or loss of a single generator or
network device, and 3o or three times the standard deviation for demand and renewables. With a
common test system, the authors find the amount of reserve schedule depends on the
penetration of wind, with levels decreasing as penetration increase until they reach a minimum
and finally increase with penetration. They point to the utilization of a large nuclear plant, which
can impact total reserve need in a small system. The majority of these methods use a benchmark
system, one of the IEEE Reliability Test Systems, to analyze proposed reserve procurement
systems [99], [100], [102]. This chapter distinguishes itself by utilizing a real-world system and
historical data instead of a well-known test case, focusing on European markets. Each paper
cited proposes a new method for determining the requirement that improves economic
efficiency or increases wind penetration. The focus of this chapter is comparing improvements
beyond a single requirement (endogenous to the day-ahead market model). These methods can
be used as future comparisons to the simple requirement used in this chapter, which is one of
the three suggested improvements.

The literature on European reserve or ancillary services markets is extensive. For those more
familiar with U.S. markets, [105] offers a comparison between U.S. and European markets, with
a summary figure of European markets and the role of the TSO. An overview of the European

ancillary services market can be found in [100], details of generator decision making in the
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Nordic market detailing reserve processes in [107], an overview of Dutch markets can be found
in [108] and [109], and a Dutch a wind integration study in [110]. In [108], they show there has
been more over-procurement than under-purchasing of reserve in a twelve year period,'s
suggesting a tighter bound could lead to efficiency improvements. This claim helps motivate the
reserve requirement improvement, showing that rather than use a broad requirement, a tighter
requirement might benefit the system (described in Section 3.3.2.c).

In analyzing the future European electricity system, [111] promotes the change from bilateral
contracts for reserve to a market-based system, one of the improvement suggested in this
chapter (Section 3.3.2.b)." The authors in [112] suggest design options for such a market,
distinguishing between longer-term reserve capacity and reserve needed for balancing; similar to
how this chapter refers to the different phases of reserve: allocation and activation. They delve
further into the details of implementing a reserve market, where the Common Merit Order
method is most similar to the proposal in Section 3.3.2.b. The basis for [113] also assumes the
existence of a simultaneous energy and reserve market, and additionally examines coordination,
similar to Section 3.3.2.d.

Several papers emphasize the need for cross-border integration and interconnection as an
essential tenant of renewable integration in Europe [111], [113], [114]. Those authors’ assertion
complements the last improvement suggested in this chapter, the coordination of reserve across
countries (Section 3.3.2.d). The framework used in [113] is most similar to the improvements
suggested in this chapter, coordinating reserve across Northern Europe and modeling a common
marketplace. With both system-wide reserve allocation and activation across the region in
balancing markets, reserves from the Nordic region are highly utilized in the remainder of
northern Europe, where 30% of the requirement is traded across the border between the Nordic

and UCTE systems which are not synchronized and so are connected with DC lines. In a follow-

18 Under-procurement might also lead to loss of load, suggesting proper penalties and incentives
are needed to ensure the system is long rather than short on reserve.
19 Co-optimization of energy and reserve is current practice in all U.S. markets.
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up study, [114] shows that allocating transmission capacity is a vital aspect of cross-border
reserve trading.

The topic is also explored through my collaborative work with a visiting student to Johns
Hopkins, where the resulting paper, [92], examined the coordination of reserves for four
countries. The simulations found that the coordinated allocation of reserve in the day-ahead
market did not necessarily correspond to lower system costs in the balancing market. Without
reserving capacity on transmission lines, the reserved power was not always deliverable when
needed. This result leads to the addition of extra simulations to confirm the outcome using a
European-wide model.

There are similarities between this chapter and the papers in the previous paragraphs, as all
examine coordination between regions in Europe and use of a market setting to procure reserve.
The modeling frameworks in [79], [100], and [101] are most similar to the methodology in this
chapter. All use a unit commitment model to simulate the day-ahead market, followed by an
activation of reserve in a balancing market. The input data and networks that are utilized differ,
but the basic framework is the same. This work is distinguished by analyzing the combination of
these proposals in addition to alternate reserve requirements or coordination alone. By
comparing three modes of improvements, this chapter can assess which improvement makes the
biggest impact for maximizing market surplus and integrating wind power. While there is
literature on specific improvements to one aspect of reserve modeling, no paper compates
improvements to different steps of the reserve process in addition to contract versus market-
based reserved. This project offers a comparison of reserve improvements in procurement
allocation, and activation focusing on the Dutch and European markets. While the case study is

specific to a region, the method may be used to study other systems and countries.
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3.3 METHODOLOGY

In order to deal with the uncertainty that rises from wind generation, a model is needed that
represents the multi-stage nature of operational decisions and the uncertainty and variability at
each stage. The Netherlands does not exist in isolation, and therefore the model must be able to
interact with its neighbors and reflect current market conditions. For these reasons, we chose to
run simulations for this project with the Comprehensive Market Power in Electricity
Transmission and Energy Simulator (COMPETES) expanded to include a day-ahead unit
commitment stage [115], [116]. COMPETES is a network-constrained pan-European market
model with one node per country. As seen in Figure 3-2, the nodes consist of 26 European
Union member states and 7 non-EU countries. The full list of countries and the abbreviations
used in the results section can be found in Table 3-1. The model was originally created as a
game-theoretic model of generation dispatch on a power network by researchers from Johns
Hopkins and Energy Research Center of the Netherlands (ECN) [117], [118]. COMPETES
includes a combination of mixed-integer and relaxed unit commitment formulations for day-
ahead unit commitment, along with operating reserve requirements, transmission constraints,
and rules for thermal generation in both day-ahead and balancing (real-time) markets.

Section 3.3.1 describes the modeling framework for the three improvements. The
formulation for the unit commitment model is presented in detail in Section 3.3.2, with
subsections for each type of improvement. Section 3.3.3 explains the sensitivity performed

considering the renewable forecast error.
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COMPETES 2020
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Planned but uncertain —— —

-

Figure 3-2 Network in COMPETES model
Table 3-1 Countries in COMPETES and their abbreviations

BEL Belgium POR Portugal

CZE Czech Republic SKO Slovakia

DEN Denmark East SPA Spain

DEW Denmark West SWE Sweden

FIN Finland UKI United Kington

FRA France SWI Switzerland

GER Germany NOR Norway

IRE Ireland BLK Balkans

ITA Italy BLT Baltics

NED Netherlands AUS Austria

POL Poland

3.3.1 Modeling Framework

There are three improvements to reserve procurement that will be tested. Each
improvement roughly captures a different step in the reserve process and contrasts current
practice with what we hypothesize to be an improvement. The first proposes to update the
allocation phase from using bilateral contracts to a market system (referred to as ‘type’). The
second is an improvement to the sizing or procurement of reserve (referred to as ‘reserve

requirement’). The third improvement coordinates reserve allocation and activation among

72



countries in northwest Europe (referred to as ‘coordination’). This framework is unique among
the literature. There have been papers that compared one or two of these improvements, but to
my knowledge, this combination and extensive simulation has not been performed previously.
Figure 2 shows a comparison of different simulations with increasing complexity moving
away from the origin. The costliest point is hypothesized to be the black dot, representing a
limited set of generators provided by contract for a seasonal requirement. The least costly
simulation is hypothesized be the market-based daily reserve requirement including all
generators, represented by a star. Moving away from the origin, the complexity increases.
Determining reserve on a daily basis takes more computational effort than a seasonal
requirement. Similarly, operating a market is more intensive than bilateral contracts. While
complexity increases, I also hypothesize efficiency increases. The improvements should increase

market surplus through the different simulations.

4

Daily Reserve
Requirement

Contract ’k Market

Seasonal

Netherlands only

NW Europe

Figure 3-3 Conceptual diagram of reserve improvements, where complexity and efficiency increase moving
away from the origin. The type improvement is described in 3.3.2.a, the reserve requirement is in 3.3.2.b,
and the coordination is in 3.3.2.c.
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The day-ahead and balancing models run sequentially to mimic actual operations. The day-
ahead model fixes the generation commitment schedule, then the real-time model runs hour by
hour with that schedule. Generators that are able to start up quickly will be able to commit in the
balancing market, while slow generation commitment will either be fixed based on the day-ahead
schedule or out of the market. The day-ahead market uses wind forecasts scaled based on
historical data and the real-time market uses actual data where available and similarly distributed
data where not available. A further description of the data used for wind can be found in 3.3.3.

Although there are twelve possible simulation combinations from Figure 3-3, all are not
practical. Reserve is currently contracted on a seasonal basis; it is highly unlikely that contracts
will change daily to accommodate a new daily reserve requirement. Therefore, the daily contract-
based simulations (with and without coordination) were not simulated. Additionally, the seasonal
coordinated day-ahead simulation was eliminated as it would require companies across countries
to coordinate contracts. Although possible, it would require many assumptions about cross-

country cooperation. In total, the eight simulations done can be found in Table 3-2.

Table 3-2 Eight simulations performed using COMPETES

No Coordination Balancing Only DA and Balancing
Seasonal X X
Contract
Daily
Seasonal X X X
Market
Daily X X X

3.3.2 Model Formulation for Day-Ahead and Real-Time Markets

Each of the eight scenarios is simulated for both a day-ahead and balancing market. The

formulation for the day-ahead market is described below, followed by a description of the
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differences between the day-ahead and balancing constraints. The specific differences between
the scenarios are desctibed in subsections 3.3.2.a, b, and c. The definitions of sets, variables, and
parameters can be found in the Nomenclature section at the beginning of the dissertation and
details about the input parameters can be found in Section 3.4.

Equations (3-1)-(3-21) are considered the basic day-ahead unit commitment model for this
project and will be used as the base model for all scenarios. Among the simulation types, the
formulation shows a co-optimized energy and reserve market; differentiated constraints for
additional simulations are shown after the formulation. The objective of the model is to
minimize operating costs, which consist of fixed costs for start-up and minimum-load operation,
as well as the marginal cost for the power dispatched. The objective in (3-1) is straightforward;
minimize operating costs, which include the cost of generation, storage and lost load. The value
of lost load (VOLL) is €3000/MWh, which is the market cap for most European markets [119]
and the cost of storage is based on the investment costs [118]. Constraints (3-2) and (3-3) limit
the power capacity of each generator. Due to the large problem size, the unit commitment
formulation is based on [120] for the resources in the Netherlands. This formulation for unit
commitment produces the same result as other unit commitment formulations, but is shown to
be tighter and more compact. The generation dispatch variable is constrained between 0 and the
maximum less the minimum capacity. Many other unit commitment formulations limit the
dispatch between minimum and maximum (B""u,, < p,, < ug P").

For resources outside the Netherlands, the generation is aggregated by year and fuel type,
meaning there are not individual generators. Committing the aggregated resources using a strict
binary variable would imply that the all generators of a particular type would be committed,
where this is not the case in reality. It would also be a significant computational burden.
Therefore, for all generators outside the Netherlands, the same formulation is used except the

unit commitment variables are relaxed between O and 1. This allows generators that would
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otherwise be operating at their minimums to set price, a characteristic that provides further
insight into pricing and echoes the ELMP pricing model from Section 2.6.1.

The imports and exports between countries are described in constraints (3-4)—(3-6), with
Net Transfer Capacity (NTC) limits on lines and export/import limits between countries. A
transshipment (“pipes-and-bubbles”) formulation is used. Constraint (3-7) defines the startup
and commitment status of the generator, where the variables # #, and w can either be 1
(startup/commitment occurs in that interval/shutdown) or 0 (otherwise).?0 The ramping
capability of the generators is defined in (3-8) and (3-9), where (3-8) limits ramping up and (3-9)
limits ramping down. The reserves are found in the ramp up but not ramp down constraint.
While it can be added in both directions, the characteristics of the system do not need additional
ramp down from reserve, since ramp up is the greater concern. Constraints (3-10) and (3-11)
define the minimum up and down times for the generators during the 24-hour commitment
period. Similar to the dispatch model, the wind injection can be curtailed in the node balance
constraint (3-12), and is limited by the day-ahead forecast in (3-13). Demand can also be shed at
a high cost, and the slack variable’s upper bound is shown in (3-14).

The constraints describing energy storage in the network are in (3-15)—(3-18). The charging
and discharging is limited by the maximum power output of the storage resource in (3-15) and
(3-16). The state of charge variable for storage has an upper bound of the maximum capacity in
(3-17). The storage balance constraint, which determines the state of charge between periods
relative to the charging and discharging, is found in (3-18). Reserve for storage is similar to the
formulation in [121], with the reserve variable limited by the amount discharged and the
production capacity in (3-10), and by the state of charge in (3-19). There are other formulations
for storage reserve [122], many of which are related to electric vehicle charging [123], [124].

Some formulations assume reserve must be utilized to a certain degree in each period [122];

20 The shutdown variable » does not have a cost in the objective, and both » and » could be
continuous between 0 and 1. However, the formulation in [120] proves that if both are binary
the formulation is tight and compact.
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however, the formulation presented below might overestimate the contribution of storage to
reserves. Future work in this area would simulate several formulations to determine how much
storage is overestimated and how that would impact operating costs.

Constraint (3-20) defines the requitement for operating reserves, R;,. The requirement is
dependent on which of the two scenarios is being simulated. The definition of R{;? is found in
Section 3.3.2.c. The value of requirement is based on the NREL 345 rule [88], where 3% of
demand and 5% of variable generation is required. The rule was originally intended for
contingency reserve, with half available as spinning reserve. Since this model only considers
spinning reserve and has a high renewable penetration, the entire 3% and 5% are the
requirement utilized. A report from IEA determined that 4% of installed wind would be
necessary for additional reserves with penetrations under 10% [9]. Since the penetration in most
countries exceeds 10%, a requirement of 5% is not unreasonable. Finally, the commitment
variable defining the status of a generator is restricted to be a binary variable in (3-21) for Dutch
generators and relaxed for remaining generators in (3-22). The variables that are nonnegative are
designated in (3-23). All notation definitions can be found in the Notation section at the
beginning of the dissertation. For any one simulation, the time horizon is twenty four hours, with

the last hour of the previous day used as input for the next.

Day-Ahead Unit Commitment in COMPETES

dc
s
min E E (cgpge +c5vgc + chluy,) + E VOLL(dfy™) + E st (nLt) (3-1)
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Subject to
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Yvi (=8 + frt) < Export[™™, ¥ i,t (3-6)
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The Europe-wide balancing market model is based on the day-ahead formulation with
adjustments for reserve and fast generators. This chapter uses an houtly balancing market model,

mimicking the last intra-day market, which is typically operated one-hour before delivery [117].
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In this simulation, reserves are released, meaning all reserve variables and constraints (3-19) and
(3-20) are not included. The formulation for the day-ahead market is used for fast-statt
resources, or those generators that have a minimum run time of one hour and can ramp to their
minimum capacity within an hour. In actual market operations, these resources may be required
to start up within a shorter time period, however this balancing market is modeled hourly. The
slow generation resources have fixed commitment status, meaning the uy ., v4, and wy , variables
are held at their day-ahead status. The dispatch level for the units can change, still limited by their
ramping capability. In some of the simulations, cross border flows are fixed, while in others the
set of resources that were formerly contracted for reserve are available for dispatch. These
distinctions can be found in the following three subsections, one for each improvement. Figure
3-3 shows an experimental design in which each of three changes are considered and varied
between two options (one the base case, and the other an improvement). In the next three

subsections I explain each of these characteristics.

3.3.2.b Reserve Characteristic 1: Contract- vs. Market-Based Procurement

The first of three proposed improvements considered in this chapter is the method by which
reserves are allocated, where current practice allocates based on long-term contracts with
particular generators. The improvement to current practice is allocation of reserve through an
auction, where energy and reserve are co-optimized in the day-ahead market (as is done in U.S.
markets). The hypothesis is the market-based case will provide a lower cost solution, since it will
allocate reserve closer to delivery (with more information on the state of the system) and based
on cost rather than contracts.

Reserve contracts are usually between the TSO and a company or generation owner. As the
details of contracts are private information, the modeling assumes generators engaged in a
contract will be paid a fixed price per MWh for the duration of the contract [89], [108]. The

quantity of reserves contracted is the same as the reserve requirement in the market-based
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model. Before any simulation is done, a simple algorithm determines which generators will be
contracted for reserve based on their installation date and fuel type. For the simulations, only
fossil fuel generators were contracted. The naive algorithm first contracted the oldest oil, coal,
gas, and lignite, followed by newer units until the requirement was met. A unit was contracted
for its full capacity; if the requirement was exceeded due to the last unit added, it could not be
larger than 110% of the requirement. For example, if the requirement was 1000 MW and 950
MW had been allocated, a generator larger than 150 MW would be skipped for a newer resource
less than 150 MW. All countries procured resources in this manner except Switzerland, which
had not fossil fuels. In that case their hydro resources were partially contracted to provide
reserve.

The generators in each country that are contracted for reserve would be excluded from
participation in the day-ahead market, since their capacity could not be scheduled for energy
generation. In the balancing market, the reserves are released, and can be used for balancing the
wind forecast error. Other than fixing the off status of the contracted generators, no other
modeling is altered from the formulation above. The contracted generators would be paid a price
for their capacity as reserve, and the balancing price for any energy provided in that market.
Since information on contract prices is not publicly available and would greatly impact cost
calculations for comparison, no reserve costs were included in the results. A further discussion

can be found in Section 3.4.5.

3.3.2.c Reserve Characteristic 2: Seasonal vs. Daily Reserve Requirement

The second improvement analyzed is changing the quantity of reserve requirement itself.
Current practice sets a seasonal reserve quantity, and the proposed improvement would set a
daily requirement. The hypothesis is the daily requirement would produce a lower cost solution
compared to the seasonal requirement, since the amount would be tailored to the next day’s
needs rather than a seasonal estimation. In both the seasonal and daily case, the requirement

utilized is simple in order to compare the importance of relative size of the requirement and
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ensure ease of implementation. As mentioned in the formulation section, the NREL 3+5 rule for
load and renewable energy is used for both seasonal and daily requirements [88]. The
requirement was written for use in a U.S. market, where contingency reserve is procured using
both spinning and non-spinning reserve. In this modeling framework, only spinning reserve
(reserve that is online) is procured. The rule is adapted to set 3% of average load and 5% of
average renewable forecast is the minimum requirement. These values can be updated in future
simulations to reflect wider or narrower ranges. A rule using 1% of load and 3% of renewables
was tested, and the resulting load shed in the simulation was greater than using 3% and 5%.

The seasonal simulation is based on the average load and renewable forecast for winter,
spring, summer, and fall, leaving 4 different requirements for the year. The daily requirement is
based on the average load and wind forecast for the following day, leaving 365 different
requirements for the year. The reserve requirement is determined exogenously from the model,
since it is an input to the day-ahead market. Both requirements are formulated below.

Seasonal Requirement

0.03 ths dforecast +0.05 ths Wforecast

req Lts Lts
is T season

, Vi, s € {winter, spring, summer, fall}

where T5¢%°" is the number of hours in either winter, spring, summer or fall, and t; is the set of
hours in each season .

Daily Requirement

0.03 Xy, dfeTe°%" + 0.05 Ty, WO
td d itg .
R = 2 . Vi d€{1.2,..,365}

where T%% is the number of hours in in the day (24), and t, is the set of hours in each day 4.

3.3.2.d Reserve Characteristic 3: Independent Allocation vs. Coordination
among European Countries

The third improvement deals with the coordination of reserve procurement between the

Netherlands and its neighbors. In current practice, each country procures reserve from resources
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within its boundaries [89]. With some coordination between neighbors, the reserve can be
procured from the least cost resource, possibly leading to higher overall system efficiency. The
hypothesis is the coordinated scenarios will produce a lower cost result and integrate more wind
energy. The overall system should be at least the same or better off with coordination in the
balancing market, since the solution without coordination is part of the set of solutions in the
coordinated case. This type of coordination is also explored in Chapter 5 for energy markets.
However, coordination across both day-ahead and balancing markets leads to more complex
interactions.

For the market-based simulations, all reserves will be allocated to specific generators in the
day-ahead market and released in the balancing market, being allowed to freely provide energy
according to its energy cost. Actual markets would hold reserve in the balancing market for use
in real-time delivery; however, this chapter treats the balancing market as activation in real-time.
The first reason for this modeling assumption is availability of data. Simulation of real-time
delivery would require additional wind and load data based on an hour-ahead forecast. This data
was not available for countties in this study. Second, real-time simulations would best be served
using an ac model so voltage and reactive power deviations could be captured. The model used
for this chapter is meant to analyze market mechanisms and not real-time operations. For this
reason, reserves meant to manage second-by-second frequency vatiations (primary reserves) are
also not modeled.?!

The no coordination simulation will allocate country by country, while the improvement will
combine Northwest Europe, expanding the reserve zone to the countries surrounding the
Netherlands. The balancing market will then incorporate those countries, while fixing any
imports and exports. The countries coordinating in the simulation are sometimes referred to as

Central Western Europe, and were the focus of previous work [92]; they include the

21 Unlike the U.S., there are no contingency or ramping reserve products in ENSTO-E. The
response to a contingency is provided by primary, secondary and tertiary reserves, which will
respond at different speeds [88].
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Netherlands, Belgium, France, and Germany. Due to increased trade?? the simulations also
include the United Kingdom; future studies can analyze different combinations of these
countries to evaluate if any supersede the five used in simulations.

Previous research in [92] identified an important discrepancy between expected benefits
from coordination in the day-ahead and balancing markets, to coordination in the balancing
market alone. In [92], the simulations where coordination occurred in both allocation phases
(day-ahead market) and the activation phase (balancing market) resulted in higher costs
compared to coordination in the activation phase alone. To investigate this discrepancy in
COMPETES, an additional set of scenarios is created to account for coordination in the
balancing market alone. This improvement was updated to have three levels of coordination: (1)
no coordination, where each country allocates and activates reserve independently, (2)
coordination in the balancing market, where allocation of reserves in the day-ahead market
occurs independently by country, and (3) coordination in day-ahead allocation and balancing
market activation.

For the case with no coordination, each country procures reserve independently and
balances forecast error independently. Constraint (3-20) is modeled for each country 7 and the
balancing market fixes the total imports and exports between countries. When only the balancing
market is coordinated, the day-ahead market remains independent, as in the no coordination
scenario. Then in the balancing market, Northwestern European countries can trade between
each other, while remaining countries balance independently and their imports and exports are
fixed. For full coordination, the day-ahead market is also coordinated; any generator in
Northwestern Europe can contribute to the reserve requirement following NTC limitations. The
remaining countries have separate reserve requirements that must be fulfilled with in-country

resources. The balancing market allows trade among Northwest Europe, again fixing the imports

22 Trade between the UK and the Netherlands increased due to the BritNed line, an underwater
high voltage dc transmission line that began operation in 2011 [230].
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and exports of all other countries. The modifications are shown below, where NYWE KNWE {5 the
combined set of countries or the set of lines connected the countries in Northwest Europe: the
Netherlands, Belgium, Germany, France, and the United Kingdom. The set —NNWE _ gNWE

contains all other countries and the inter-tie lines connecting them, see Table 3-1 for a complete

list.

No Coordination
e Day-Ahead: reserve constraint for each country, same as (3-20)
All countries schedule independently
Ygec,Tot + Xvev,Toe Z R, ViEN,t
e Balancing: eliminates constraints (3-4)—(3-6) and fixes inter-tie exchanges, fkl’lf ,fidn
All countries balance independently
Balancing-Only Coordination
e Day-Ahead: reserve constraint for each country, same as (3-20)
All countries schedule independently.
YgeciTot + Xvev,Toe 2 R\ VIEN,t
 Balancing: modifies constraints (3-4)—(3-6), fixes inter-tie flow, fir, fily Yk € K~VWE
Counties outside of Northwest Europe balance independently, countries in Northwest
Europe balancing together (inter-tie lines are not fixed)
NTCM™ < £ — fild S NTCP™, v k € KNWE ¢
Import™™ < ¥ eonwr I (=8 + fre ), Vi€ NVWE ¢
Yvinexnwe I (— i + fior ) < Export/™®, vie NYWE ¢
Day-Ahead and Balancing Coordination

¢ Day-Ahead: single reserve constraint for Northwest European region and independent

constraints for all remaining countries, modifies (3-20)
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Counties outside of Northwest Europe schedule reserves independently, countries in
Northwest Europe schedule reserves together through a single constraint
Yge6; rgs_l: + Xvev;Toe = Li=NNWE R;fq, Vi = NNWE ¢
deGi rgSlt) + Zvevi Ty 2 RZ?q' vie N_NWEJ ¢
e Balancing: modifies constraints (3-4)—(3-0)
Counties outside of Northwest Europe balance independently, countries in Northwest
Europe balancing together (inter-tie lines are not fixed)
NTCM™ < fof — fidd S NTC™, v k € KNWE ¢t

Import{™™ < Y\ kexkNWE Il-,k(—f,g,? + fkutp), VieNVWE ¢

YvikexNwe I (—F32 + f,:f) < Export™®, vie NVVE ¢

3.3.3 Role of Forecast Error between Day-Ahead and Balancing

In addition to the three improvements described in the previous three subsections, scenarios
for the actual realization of wind for real-time markets are developed to ensure a comprehensive
set of results. There is uncertainty between the day-ahead and balancing markets. The midday
forecasts are between 12 and 36 hours from delivery considering the auction runs for the
following day (midnight to midnight) [125]. Due to the error from forecasts, simulation of a
single actualization might not capture the full uncertainty of wind. The simulation of multiple
actualizations ensures the results reflect more than a single realized uncertainty. The amount of
reserve procured in the day-ahead market might be enough for one actualization but might fail in
other cases. Analyzing the average of five real-time actualizations helps capture that uncertainty.

As discussed earlier, only wind input data changes between the day-ahead and balancing
markets, load data remains constant. This study focuses on the impacts of wind, and the
simulations highlight the change of wind forecast error compared to realizations, meaning one

uncertainty is simulated to isolate the impact. The data available is also limited for load, and
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synthesizing data for actualizations would require many assumptions. If further data becomes
available, future studies can investigate the effect of interactions between wind and load forecast
and actualizations [120], [127].

The balancing wind data is based on historical data with additional scenarios created using an
autoregressive (AR) model [128]. The production data for actual realizations is provided by the
Wind Unit at ECN from public and private wind data, and the AR model was developed by a
colleague at ECN, Ozge Ozdemir. The available historical data is used for the first of five
balancing market wind realizations. The wind forecasts and actualizations are then used to create
four additional synthetic annual wind time series for use as scenarios in the balancing market.
The forecast less the wind actualization calculates basic forecast error, which is used in an
autoregressive model. The first autocorrelation, p, is calculated in (3-24), where X, is the forecast
error, or the forecast less the actual realization, i is the mean forecast error, g is the standard

deviation, and T is the total number of time periods, or 8760 hours. The noise, €, is calculated

using a normal distribution with mean zero and standard deviation o4/1 — p?, shown in (3-25).
Finally, the scenarios are calculated using an AR(1) model in (3-26), where the parameters are the
series autocorrelation and mean. For countries without available data, the average mean and

autocorrelation is used to calculate noise and the additional scenatios.

R — e — ) (3.24
p= 0_2

€; = Norm (0, GM) (3-25)

Xf=u+p(e — ) + & (3-26)

As shown in Figure 3-4, one wind forecast is used for the day-ahead market. The simulation
results for scheduling and inter-tie line flow are fed into five separate annual wind actualizations,
each 365 days, for the balancing market. Five different yearly simulations run one after the other,
each using the same day-ahead input, meaning for each of the 8 combinations listed in Table 3-2,

5 balancing market simulations are run. The first of five wind actualizations is the historical
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forecast. The results shown in the next section analyze the average and the minimum and

maximum resulting simulation.

Day-Ahead

Bal. 1 Bal. 3
Bal. 5

Bal. 2 Bal. 4

Figure 3-4 Simulations between day-ahead and real-time

3.4 SIMULATION DATA AND RESULTS

Each of the eight market design scenarios described in Table 3-2 are simulated for the day-
ahead and balancing market with the goal of determining which improvement or set of
improvements has the greatest benefit. The day-ahead market is simulated daily in one-hour
increments for one year (365 days) using scaled historical wind and load data for each country
using COMPETES. One day is optimized at a time, first for the day-ahead time-frame using the
formulation in 3.3.2 and then for the balancing time-frame in which the realized wind value is
different from the forecast. The schedule and commitment from the last hour of each day is used
as a starting point for the following day in a rolling fashion. The balancing market takes the
schedule from the day-ahead market and fixes the slow generators, allowing the fast-start
generations to be committed. The balancing market is simulated using multiple real-time wind
scenarios.

Between the day-ahead and real-time models, the wind forecast is updated but the load
remains the same. This is due to several characteristics of wind forecast error compared to load
error. First, load forecast error is usually much smaller than wind forecast error [9]. There are

many factors that determine both types of error, such as wind farm size, location, and time
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horizon. Second, wind forecast errors are usually larger in range compared to load forecast
errors, when expressed as a fraction of the forecasted amount [126]. Finally, the focus on this
project is on wind uncertainty and integration, and this simulation allows me to focus on the
impact of wind error without confounding it with load errors. There can be impacts of wind and
load forecast error together, and indeed operating reserves should be acquired considering both,
but data on both types of errors were not readily available for all countries.

The model is coded using AIMMS version 4.6 software using CPLEX 12.6.1 solver. The
Europe-wide 24 hour model has approximately 145,000 constraints and 178,000 variables with
3672 integer variables for the day-ahead market. The Europe-wide balancing market has
approximately 138,000 constraints and 130,000 variables with 3168 integer variables. Integer
variables are only for units in the Netherlands, where there are many gas plants, which can be
turned on during the balancing market due to their short minimum run times. Every day solves
in 6-9 seconds, and including time to write output files, the yearlong simulation takes

approximately 2 hours to run.

3.4.1 Characteristics of Generators, Wind, and Load

The characteristics of the generation in COMPETES can be found in the figures below, in
addition to descriptions in [117], [118]. The generation mix used in the simulations is projected
forward for the year 2030, which is the year considered in the simulations, and includes the
current generation mix less planned retirements and any generation capacity already planned to
open in future years. There is no additional capacity expansion modeled. Figure 3-5 shows the
capacity for each country by fuel type. The gas generation includes gas turbines, combined cycle
gas turbines, combined heat and power, and derived gas internal combustion plants [129].
Generators with a long minimum run time are considered slow-start generators and cannot be

dispatched in the balancing market. In this study, all coal, lignite, nuclear, and biomass generators
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are slow generators, with the remaining being fast start generators able to turn on in the
balancing market.

The wind capacity is a combination of onshore and offshore projected future capacity based
on estimates for future penetration with data acquired by our collaborator, ECN’s Wind Energy
Unit. Capacity factors for wind are shown in Figure 3-6, for both onshore and offshore capacity.
Histograms of forecast errors between day-ahead and balancing are shown in Figure 3-7 for the
Netherlands and in Figure 3-8 for Germany. The errors shown in the figures are simple
differences between the two data series, as was done in [126]. The root mean squared error for
each of the five balancing wind simulations is shown in Figure 3-9 for each country as a fraction
of the forecast output. An houtly average of the five wind series is shown in Figure 3-10 for

Germany and the Netherlands. The amount of load in each country is shown in TWh in Figure

3-11, and load factors are shown in Figure 3-12.
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Figure 3-5 Generation capacity by fuel type in COMPETES for 2030 based on ENTSO-E Vision 4
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Figure 3-6 Capacity factor of wind for onshore and offshore
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Figure 3-7 Histogram of onshore wind forecast error for the Netherlands as a fraction of the forecast
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Figure 3-8 Histogram of onshore wind forecast error for Germany as a fraction of the forecast output
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Figure 3-9 Root mean squared error for wind power between the day-ahead forecast and balancing
actualization for each country, where each bar is a different balancing market annual scenario
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Figure 3-10 Five wind scenarios averaged by hour for one day in the Netherlands and Germany
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Figure 3-11 Load for each country for the study year, 2030
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Figure 3-12 Annual load factor for each country

3.4.2 Operating Costs

The first assessment of market efficiency is examining total operating costs.?> The operating
costs from the eight simulations are shown in Table 3-3 and Table 3-4 as percent deviations
from the hypothesized best-case simulation result; the same results are shown on the conceptual
diagram in Figure 3-13. The value in the lower right corner of each table shows the ‘ideal’ result,
ie., the result with all three improvements simulated. Because the focus of the simulations is
relative improvements between the improvements, the costs are shown as relative deviations
from the ideal result. For example, the simulation using market-based, seasonal requirement with
coordination in balancing only (MSCBal) is calculated using total operating costs as follows. The
values shown are the output total operating costs for all of Europe for the yearlong simulation in

millions of Euros.

MSCBal — ideal ~ M€90073.88 — M€89961.58

ideal - M€89961.58 = 0.001248

All remaining values are calculated using this same relationship, with the ‘ideal’ case always as the

comparison. The values in parentheses below the percentage are the minimum and maximum

2 Since demand is inelastic, market surplus can be represented as a minimization of operating
costs. If demand were elastic, the market surplus would be composed of both consumer surplus
and producer surplus. In this model only the latter can be explicitly calculated.
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deviations for total operating costs for each of the five annual simulations, also using the same
calculation above. A non-parametric statistical comparison of results is shown later in the
section.

Table 3-3 Total system cost (Europe-wide) without load shedding

(Left columns show allocation type and requirement type and top columns show the amount of
coordination. Minimum and maximum are shown in parenthesis below each mean value.)

ercentage o Coordination alancing Only and Balancin,
g No Coordinati Balancing Only DA and Balancing
+110% +30.0%
Contract Seasonal (108, 111) (287, 30.8) N/A
S al +32.1% +0.12% +0.11%
Maket casona (30.9, 33.0) (-0.21, 0.51) (-0.23, 0.49)
Dailv +40.9% +0.05% 0%
) (39.9, 41.7) (-0.03, 0.44) (:0.33, 0.37)
+40.9%
Daily Reserve
Requirement
+0.05%
0%
Seasonal M o
+110%

e 32.1%0 *

L Tvpe
Coordination No Coordinatio Contract ype Market

+30.0% +0.12%

Balancing only

DA & Balancing +0.11%

Figure 3-13 Conceptual diagram showing total system costs (Europe-wide) without load shedding

Table 3-4 The Netherlands system cost without load shedding (average percentage across five scenarios,
with range across five scenarios of 365-day averages in parentheses)

| No Coordination Balancing Only DA and Balancing
Seasonal +29.1% +0.67% -0.04%
Market (27.7,31.4) (-0.48, 2.50) (-0.23, 0.49)
Daily +35.7% +0.28% 0%
(34.3,37.9) (-0.20, 0.91) (-0.66, 0.95)
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Table 3-5 Total system cost (Europe-wide) with load shedding (average percentage across five scenarios,
with range across five scenarios of 365-day averages in parentheses)

(Percentage) No Coordination Balancing Only DA and Balancing
0 0
Contract Seasonal ( 1—;19?11 g03> 3 9+7A;(’)Z 1/ 06 2 N/A
Seasonal +55.4% +0.14% +0.17%
Market (54.9, 56.1) (-0.15, 0.47) (-0.13,0.51)
Daily +54.9% +0.04% 0%
(53.9, 55.6) (-0.26, 0.39) (-0.29, 0.32)

There are several distinct trends resulting from both Table 3-3 and Table 3-4. First, the ideal
case is the lowest cost solution, i.e., all other percentages are positive. This confirms the
hypothesis that the combination of all improvements produces the lowest cost solution. While
this is true for the averages, the minimum and maximum costs for the scenarios overlap;
meaning, the highest cost simulation from the balancing only coordination scenario for a market-
based seasonal average is higher than the lowest cost simulation for the coordination in day-
ahead and balancing scenario. This overlap hints that the operating cost results for certain
scenarios might not be significantly different from each other.

Previous work of mine in collaboration with KU Leuven investigators [92] shows that a case
with coordination in balancing alone has lower costs compared to a simulation with coordination
in both day-ahead and balancing. The reason for the discrepancy is due to the availability of
transmission capacity; the reserves allocated in one country in the day-ahead market could not be
delivered in real-time because of lack of transmission capacity between the countries. The
simulations in [92] have four countries with four transmission lines, whereas this set of
simulations models all European countries with many interconnections. The results between the
two coordination scenarios are much closer in this project, likely due to increased system size
and availability of transmission capacity.

The overlap among ranges of scenarios leads to the second trend, which is evident from
comparing the means of the no coordination cases with the two coordinated cases. The

coordinated cases have much lower operating costs compared to the cases without coordination;
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there is a minimum of 30% difference between the simulations. However, the difference
between the two coordinated simulations is small, insignificant when considering the overlapping
minimum and maximum scenarios. For example, the market simulation based on the seasonal
requirement/coordination in balancing only assumptions has a minimum simulation that results
in lower total costs (-0.21%) compared to the mean ideal case (but not lower than the minimum
ideal case, -0.33%). This trend demonstrates that there is a great benefit in coordinating, either in
activating reserves in the balancing market or both in the day-ahead and balancing markets.

The third trend can be seen in the difference between the seasonal and daily requirement
results. There is a similarly small difference between the requirements for the coordinated cases:
0.12% compared to 0.05% and 0.11% compared to 0%. This difference is evident in the no
coordination case when total system costs include load shedding. While the requirement was
significantly different in these cases, it did not make a large difference in total system costs.

The five annual simulations performed for the balancing market do not provide enough
yearly data for traditional parametric tests; therefore, a nonparametric test is used to analyze the
yearly results. The Wilcoxon-Mann-Whitney (WMW) test is used to test if two samples are from
the same population [130], [131]. The test ranks results from two populations, with the null
hypothesis being the populations are the same and the alternate being that they are different
[132]. Using the WMW test, the results can be analyzed using a z-score. The results for total
European operating costs are shown in Table 3-6 as a comparison between the ideal case; the
values are z-scores determined using the WMW test, where a score higher than 1.65 is outside
the 95% confidence interval. For those scenarios with values greater than 1.65, the alternate
hypothesis holds with 95% confidence, meaning, the samples come from different populations.
For the simulations with a value less than 1.65, the null hypothesis holds with 95% confidence
and the populations are indistinguishable.

The market-based simulations with some type of coordination are significantly likely to be

from the same population. This indicates that doing coordination in balancing only or in both
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day-ahead and balancing could result in similar results. Simulations with no coordination are
significantly different, and likely would not result in the low costs of the ideal simulation. The
results for the total operating costs without load shedding in Table 3-7 show the same
significance, where the seasonal simulations have a slightly higher z-score (still below 1.65).
Comparing the two market-based simulations with no coordination against each other, the
WMW test results in a score of 0.80, indicating they are likely from the same population.
Comparing the market-based and contract-based no coordination simulations, the resulting scote

is 1.60; this indicates there is 94% chance they are from different populations.

Table 3-6 Z-scores using WMW test of Europe-wide system costs with load shedding; a score higher than
1.65 shows the annual costs are statistically significantly higher than the ideal solution (Daily market/DA
and Balancing) with 95% confidence

No Coordination Balancing Only DA and Balancing
Contract Seasonal 2.61 2.61 N/A
Seasonal 2.01 0.94 1.15
Market
Daily 2.01 0.52 Base Comparison

Table 3-7 Z-scores using WMW test of Europe-wide system costs without load shedding

No Coordination Balancing Only DA and Balancing
Contract Seasonal 2.61 2.61 N/A
Seasonal 2.61 1.36 1.36
Market
Daily 2.01 0.52 Base Comparison

Although the overall lowest cost solution was the ideal case, each country’s lowest cost
solution was not in that scenario. Table 3-8 shows where each country had the lowest cost
solution. Due to the similarities between the seasonal and daily simulations, these distinctions ate
likely not significant; meaning although the Netherlands is in the seasonal requirement, fully
coordinated scenario box, it can be grouped with the daily requirement countries. The biggest
distinction is the countries which are better off without coordination in both the day-ahead

allocation and balancing activation phases. These countries generally see increased costs due to
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coordination because their generation is being ramped up for reserve or they are used for
wheeling purposes. For the former case, a less expensive generator in Belgium might be used for
balancing in surrounding countries. This would mean that surrounding countries reduce costs,
but Belgium’s costs increase since it is reserving more power in day-ahead. In a theoretical
coordinated setting, the system will be at least the same or better off with coordination, but
individual players in each country can be worse off. Generators might make more profit, but
consumers might pay more for power. This can be seen in the statistical test for the Belgian
system costs in Table 3-9. The seasonal balancing only simulation and the seasonal day-ahead
and balancing coordination simulation are significantly different than the daily day-ahead and

balancing simulation.

Table 3-8 Lowest cost solution by country

No Coordination Balancing Only DA and Balancing
Seasonal BEL, FIN, IRE - NED, BLT
Market CZE, DEW, FRA,
Dailv DEN, POL, UKI GER, ITA, POR, SKO,
y - SPA, SWE, SWI, NOR,
BLK

Table 3-9 Z-scores using WMW test for the Belgian system cost without load shedding; a score higher
than 1.65 shows the results are statistically different with 95% confidence

(Percentage) No Cootdination Balancing Only DA and Balancing
Contract Seasonal 2.61 2.61 N/A
Seasonal 2.01 2.01 1.57
Market
Daily 1.77 0.94 Base Comparison
3.4.3 Trade

The biggest impact seen from comparing operating costs is the simulations comparing
coordination of reserve between countries. Figure 3-14 shows the percent change between the

ideal case and the seasonal/ market-based/ no coordination case, or the hypothetical ‘worst’ case
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of the market-based simulations (herein referred to as the worst case, which is at the origin of
Figure 3-3). The total amount of energy from the balancing market is summed throughout the
year and then compared against the other simulation. For instance, if the Netherlands exported 5
MW in hours two and four and imported 3 MW in hours one, three, and five, the total exports
would be 10 MWh and imports would be 9 MWh. A positive value in the figure indicates that
the ideal case has more trade, while a negative value indicates the worst market-based case has
increased trade. For instance, Belgium both imports and exports more energy in the worst case
compared to the ideal case, which is not unexpected when considering its lowest cost solution is
also for this scenario (although the same is not the case for the other two countries that are
better off in this scenario). Some countries, like Sweden and Denmark East, import significantly
more when coordinating reserves, while Ireland exports more. Overall, the gross imports and
exports in GWh increase by 0.16% in the ideal case compared to the worst.
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Figure 3-14 Percent change of total imports and exports between the ideal case and the seasonal
requitement/ market-based/ no cootrdination case (worst matket-based case)

3.4.4 Wind Energy
The wind and solar resources used in COMPETES are based on historical data for
forecasted and realized wind, and modeled as free to the system operator. The historical data is

normalized and scaled to expected wind penetration based on the European Network of
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Transmission System Operators for Electricity (ENTSO-E) Vision 4 for renewable penetration
[133]. The input wind penetration to the day-ahead model is shown in Figure 3-15, with the
Netherlands at 30% penetration. Although the wind data is fed as a time series of input, the
model allows for curtailment. Although the wind data is fed as a time series of input, the model
allows for curtailment. As partial motivation for improving reserve procurement is lowering the
cost of integrating wind power and improving its utilization, assessing wind curtailment is an

important scenario evaluation tool. Curtailment percentages are Table 3-10 and Table 3-12.
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Figure 3-15 Wind penetration in GWh as a percentage of demand by country for a year
Table 3-10 Wind Curtailment in Europe
No Coordination Balancing Only DA and Balancing
Seasonal +06.6% -2.7% -0.6%
Market (1.7, 20) (-7.7,10) (-5.3,11.4)
Dail +06.2% -3.5% 0%
ay (1.1, 19) (-8.2,9.1) (-4.8,13)

Noticeably, the ideal case does not have the lowest curtailment of all scenarios. The daily
requirement/ coordination in balancing only/ market-based scenario has the lowest overall

curtailment, at -3.5% compared to the ideal case, followed by the seasonal case at -2.7%. In these
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scenarios, each country allocates its own reserves in the day-ahead market, meaning they might
be more dispersed across the region compared to the ideal case, where reserve allocation is
shared between countries. Then in the balancing market, reserve is spread throughout the
countries, so more is available for balancing wind variability. The daily or seasonal fully
coordinated cases might concentrate reserves in one region day-ahead, so that in balancing
deliverability becomes difficult as lines are already delivering energy from day-ahead. As others
have noted, reserving transmission line capacity can be critical to deliverability; Section 3.5
discusses how this might be done for COMPETES.

While the relative position of the simulations has changed, minimum and maximum
curtailment overlaps between all scenarios. As seen in Table 3-11, the outcome of the WMW test
show mixed results compared to the clear significance with operating costs. The two closest
scenarios to the ideal case are likely from the same population, but the remaining simulations
have over a 90% chance of being from a different population. The inconsistency in the
curtailment results is partially due to low wind curtailment in the simulations; the total MWh of
curtailment for the Nethetlands is shown in Table 3-12, where there was no curtailment in four
of the scenarios. Some countries saw no curtailment in many scenarios, making differentiation

between simulations difficult.

Table 3-11 Z-scores using WMW test of Europe-wide wind curtailment

(Percentage) No Cootdination Balancing Only DA and Balancing
Contract Seasonal 2.61 0.94 N/A
Seasonal 1.78 1.57 0.52
Market
Daily 1.78 1.15 -

Table 3-12 The Netherlands wind curtailment (in MWh)

| No Coordination Balancing Only DA and Balancing
Seasonal 3875 0 MWh 0 MWh
Market (448, 8350)
. 3885 MWh
Daily (448, 8350) 0 MWh 0 MWh
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3.4.5 Operating Reserves

All thermal generation is available to provide reserve in the simulations. While pumped
hydro storage is available to provide reserve, conventional hydro could not provide reserve.
There are two types of reserve requirement examined in the simulations, a daily requirement and
a seasonal requirement. Both requirements are based on the NREL 3+5 rule, meaning the
average of 3% of demand and 5% of renewable forecast was reserved as backup power. The
daily requirement used the average of the following day’s load and renewable forecast, while the
seasonal used the average of the entire season. The amount of reserve summed for each country
in Europe for the daily requirement is shown by season in Figure 3-16 — Figure 3-19 as
histograms. The seasonal average is described in the figure title. The daily requirements tend to
have higher concentrations around the seasonal average, but show more variability, with

secondary peaks in summer and fall.
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Figure 3-16 Dispersion of daily winter reserve requirements, winter seasonal average is 8675 MW
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Figure 3-17 Dispersion of daily spring reserve requirements, spring seasonal average is 8032 MW
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Figure 3-18 Dispersion of daily summer reserve requirements, summer seasonal average is 7625 MW
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Figure 3-19 Dispersion of daily fall reserve requirements, fall seasonal average is 7870 MW

The hypothesis was that the daily average would be able to more closely approximate the
needed amount of reserves, rather than consistently over- or under-estimating as a seasonal
average would be. Yet, as Table 3-3, the choice of average time period in the reserve requirement
had relatively little impact on operating costs. The cause of lessened impact is due to the amount
of reserve available in the network. There reserve requirement constraint was rarely binding with
a positive price, meaning there was usually more than enough reserve to support the
requirement. Any extra headroom in a generator would be allocated towards the requirement,
and there were enough generators throughout the network below their maximum capacity that it
was not difficult to reach the requirement in most periods. This is partially due to the modeling
of generation outside of the Netherlands; units are aggregations of several plants by fuel type and
year installed. Therefore, the maximum capacity of the plants is overestimated, meaning this
impact is likely underestimated. A comparison between the daily/market-based no coordination
and complete coordination scenarios is shown in Table 3-13. The prices shown ate averages of

the nonzero periods, meaning if there were eight binding periods, the price shown is the average
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across the eight periods. There are generally fewer binding periods in the coordinated case

compared to the case without coordination. For the Nethetlands, Denmark West, and the

United Kingdom, there are significantly more binding periods leading to increased costs. Reserve

costs are largest in Sweden, being about €12/MWh on average; however, most countties have

costs below €1/MWh.

Table 3-13 Comparison of average reserve price and binding periods between the daily requirement,

market-based coordination scenarios

Coordination in Day-Ahead and

No Coordination

Price (€/MWh) Counli:rfolzl:dmg Price (€/MWh) Coungeifolzl:dmg

BEL 0.003 2 0.023 28
CZE 0.002 1 0.004 2
DEN 8.017 4684 8.038 4701
DEW 0.003 2 9.218 5154
FIN 8.236 5064 8.25 5055
FRA 0.003 2 0.031 42
GER 0.003 2 0.004 2
IRE 0.388 215 0.481 278
ITA 0.006 8 0.006 8
NED 0.003 2 8.87 3046
POL 1.992 24 1.992 25
POR 0.074 61 0.079 72
SKO 0 0 0 0
SPA 0.074 61 0.079 72
SWE 12153 7227 12.165 7215
UKI 0.003 2 0.476 275
SWI 0.002 1 0.002

NOR 0 0 0

BLK 0 0 0

BLT 0.046 53 0.047 54
AUS 0.003 2 0.002 1

The amount of reserve procured by generation type in the day-ahead market did not differ

greatly between simulations and is shown in a single graph, Figure 3-20. Over half of the reserve

was procured from storage, which is majority potential pumped hydro in the model. As

mentioned in Section 3.3.2, the formulation used for storage reserves likely overestimates the

quantity of reserves storage would provide. There is no clear consensus in the literature on the
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best way to model reserves provided from storage; future work would entail running the
simulation with different reserve formulations to assess the overestimation. After storage, the
next largest category is gas, which accounts for 37% of reserved allocation in the day-ahead
market. Renewable resources were not chosen for reserve, since it was less expensive for
renewables to be used for energy rather than reserve and existing thermal plants had enough
headroom to account for the majority of reserve. The thermal plants used for reserve also

included coal, lignite and a small amount of biofuels.

Storage prod.
59%

Wind Onshore
0%

Wind

Offshore

Figure 3-20 Reserve allocation by fuel source for year

3.5 DISCUSSION

With the challenges of uncertainty and variability, it is important for power operators to
evaluate the operational flexibility of their system in order to cope with increased renewable
generation. As the penetration of renewable energy increases, the system might require additional
buffer capacity in order to accommodate the renewable sources. The extra capacity, operating

reserve, can improve overall system reliability. Reserve procurement also impacts generators,
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who must commit reserve capacity well in advance of decisions about energy production. This
reduces the efficiency of production and of reserve capacity provision. Allowing for
simultaneous decisions about energy production and reserve allocation and deciding closer to
real time reduces overall system costs. This chapter compares three categories of potential
improvements to current practice of procuring, allocating and activating reserve in Dutch
markets. Using a sophisticated pan-European energy market model, changes to reserve sizing,
procurement methods, and coordination of reserve allocation are compared. If given the option
to update the market using only one of the improvements, the results from this chapter can assist
decision makers in choosing where to invest time and money. No other study has compared all
three improvements simultaneously. As discussed in 3.2, studies have shown benefits of degrees
of coordination, but none have also compared market- and contract-based allocation and

different requirements.

3.5.1 Key Results

As hypothesized, combining all three improvements to operating reserve in a single model
results in the lowest cost solution for Europe. Of the three improvements, coordination of
reserve among countries in Northwest Europe?* provides the single greatest improvement of the
options. Both the market-based scenarios and the contract-based scenarios show greatest
improvement when reserves were coordinated. Complementing the result of [92], coordination
in the balancing market alone provides almost all of the benefit that coordination in the
allocation (day-ahead) phase provides. By performing a small sensitivity analysis, the resulting
simulation total costs are shown not to be significantly different from one another. The WMW
test demonstrates that balancing market coordination lowers costs as much as coordination in

both markets.

24 The Netherlands, Belgium, Germany, France, and the United Kingdom
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The results for coordination can be compared to previous studies of European markets. As
mentioned previously, the comparison between different coordination schemes is also the central
framework in [92]. Their results found that coordinating the allocation of reserves in the day-
ahead market procured reserve that could not be delivered in real-time, resulting in higher costs.
The balancing coordination alone was the lowest cost simulation. The results in this chapter
show that the two cases are indistinguishable using the WMW test; one is not higher than the
other, but both share the same benefits. This is likely due to the larger system and network size,
since the network model used in this chapter connects the Northwest Europe to the Nordic
region and southern European countries. Limitations of both models are discussed in the next
subsection.

The difference in results between seasonal and daily reserve requirements is minor, with
results not being significantly different in total costs between the five simulations. Although the
daily requirement should have been a tighter bound, there was enough additional capacity in the
system to provide sufficient reserve. This improvement’ is likely not necessary to implement
given the expected generation fleet. If the future fleet changes significantly, changes in the
requirement might be necessary and further simulations can be performed.

Integration of wind is a major concern in the Netherlands and much of Europe looking
forward. The results for wind curtailment point initially to the simulations with balancing
coordination alone as having the least curtailed hours. However, the sensitivity analysis showed
results varied widely across the scenarios, making it difficult to confidently suggest any one will
dominate the others. Complementary research in the literature points to reservation of
transmission line capacity as an important aspect of reserve delivery [92], [114]; future
simulations can assess whether allocation of capacity could improvement wind integration.

The Dutch market regulators have been interested in improving aspects of reserve
procurement. The results of the eight simulations suggest that the single improvement with the

greatest impact is coordination of reserve in the balancing market. Rather than each country
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solely using its own resources in the balancing market, sharing resources across regions has the
potential for significant cost savings. Coordination between countries is no small feat, as all
European regulators would need to agree on trade rules and regulations. The advantage of this
result is adjustments would only be required in the balancing market, rather than in both the day-
ahead and balancing markets. As wind penetration increases across the Netherlands, higher levels
of coordination can likely provide the Netherlands with both lower costs and greater levels of

wind integration.

3.5.2 Limitations

Studying multiple time-frames using three improvements to current practice to simulate
cight pairs of models can lead to limitations and suggestions for future work. The first
improvement suggested, adjusting the reserve requirement from seasonal to daily, found little
change in total system costs. Due to the type of reserve procured, the ramping headroom on the
system was great enough to leave this improvement ineffectual. A future study should compare
probabilistic requirements [103] or use of a response set [134].

Limitations might also be due to the type of reserved modeled. There are many products
available in Furope and the US. and the need for each product can vary depending on
generation mix. Future studies can compare contingency reserve, regulation reserve, and even
ramping products? to determine which will most benefit the system. The modeling of storage
might also be limited, since the framework used in this chapter will overestimate the resource’s’
ability to provide reserve. Other modeling constraints can be compared to identify the extent to
which reserves have been overestimated.

The benefits seen in this chapter are also likely limited by the availability of transmission.
Other studies have advised that deliverability of reserve might lower overall coordination

benefits [112], [135]. Future simulations with this framework should analyze the impact of

% For instance, the California ISO has implemented a flexible ramping product [237], [238].
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reserving transmission capacity for any cross-national trade. Finally, limitations of data
availability for wind and load might skew results. This chapter also did not include load forecast
errors, which might interact both with available of balancing reserve and wind forecast errors.
Future studies should analyze the sensitivity of the results to correlations between wind and load
and correlations between future wind plants in the region.

Generally, the results show large changes in operating costs between the different cases.
These changes would be unlikely to materialize in the magnitude reported throughout the
chapter (e.g., a 40% increase in operating costs). With the use of increased transmissions
capacity, additional generation investment, correlated wind and load scenarios, and alternative
reserve requirements, the magnitude is likely to decrease. Although the study has many
limitations and suggestions for future enhancements, many insights are gained from comparing
three improvements. This study can provide the building blocks for future analysis of reserve in

the greater European market.
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CHAPTER 4

PRICING ENVIRONMENTAL
EXTERNALITIES IN REGIONS WITH
ASYMMETRICAL POLICIES

4.1 INTRODUCTION

Managing the flow of electricity between adjacent electric grids is a challenging task for any
system operator. Difficulties can arise when determining rules for trade, ensuring each side sees
benefits, and coalescing contradicting policies. These difficulties are inflated when renewable
energy and environmental concerns are involved. Wind and solar energy are prevalent in
different parts of the country, and not necessarily co-located with load centers [136]. Trading that
power across regional boundaries can create problems for system operators, who aim to
maximize market surplus given local policies and rules on emissions reductions.

This chapter focuses on balancing area coordination considering the complicating factor of
externalities, particulatly, cases when neighboring balancing areas value an externality
asymmetrically. An externality is a cost or consequence that is incurred outside of the market
setting. There are both positive and negative definitions of externalities, which arise when the
activities of one firm or person are dependent on another outside firm or person [137],[15].

Environmental externalities can be challenging to price [138]. If they are local, such as particulate
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matter pollution, the surrounding community is harmed. However, externalities like acid rain or
carbon emissions from power plants do not stay local and are not necessarily created locally; they
impact the region and even global communities [139]. If one balancing area aims to effectively
reduce its carbon footprint, it must consider the effect of its decisions on net imports and
exports and their carbon consequences; it is not enough to solely examine the power plants in
the target region. A full accounting of a carbon footprint considers impacts of consumption in
one region on emissions outside the region. There is rich literature on how carbon policies
impact the electric system [140]—[144], which is discussed in detail in Section 4.2. The challenge
becomes preventing leakage and contract shuffling [145]—[147], i.e., ensuring that a region’s
environmental rules do not take too much credit for reducing emissions because of unaccounted
emissions increases outside the region. Even further, the challenge is to design policies that
attempt to incent reduction of emissions in regions that are sources of imports.2¢

The Western U.S. is an ideal case study for examining the effect of power trading among
regions that value emissions differently. California has implemented a cap-and-trade system for
carbon emissions under AB 32 [26] while also completely consolidating its real-time market with
several surrounding balancing areas through its Energy Imbalance Market [148]. Although
several states have proposed legislation on carbon emissions, no other Western states have
implemented a carbon reduction scheme. However, resources in those states still profit from
selling power to California customers. Several proposals for coordinating trade have been
proposed while attempting to maintain the integrity of California’s AB 32 system (i.e., count the
carbon emissions due to California imports while incenting carbon reductions outside California)
[27], [149], [150]. This chapter evaluates each of the proposals for its ability to reduce carbon

emissions, maximize market surplus, and price energy consistent with economic incentives. The

20 While this chapter focuses on importing regions, exporting regions can also have similar
concerns. A region may want to count emissions reductions that occur outside its region because
of its exports. In the 1990s, Seattle City Light considered carbon reductions from exported
power to California and found some planning scenarios had negative net carbon emissions due
to exported power [239].
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proposals ate compared against a first-best (social cost minimizing) model and a do-nothing (no
carbon regulation) model.

Broadly, this chapter delves into issues that can arise when some systems value a particular
product but neighboring systems do not. Particularly, this chapter addresses the situation in
which adjacent regions within a single market treat externalities in an asymmetric manner. The
goals of economic efficiently and environmental regulation differ between regions, and improper
pricing of the externality (the carbon reduction policy) might weaken environmental gains. The
section answers the questions:

In an integrated market, can one region price an environmental externality that is not

valued by all regions, and what inefficiencies might result?

What method for clearing the short-run energy market for multiple regions can account

for carbon emissions that are due to demand in one region without causing cost-

ineffective dispatch and distorted prices in another?

In particular, this chapter considers California’s efforts to lower carbon emissions under AB
32 [20] while still encouraging power trade with states elsewhere in the West that do not limit
emissions. This chapter contributes to current literature through modeling and analytical
comparison of different greenhouse gas emission schemes. The market model simulations
evaluate proposals for incorporating carbon emissions, finding no one method dominates the
others in both reduction of costs and emissions. Section 4.2 reviews literature on carbon policies,
such as cap-and-trade, incorporation into markets, and the broader institutional context for
greenhouse gas modeling. Model descriptions can be found in Section 4.3, along with detailed
mathematical formulations. The do-nothing and social cost of carbon models are in Section
4.3.1, followed by the single-pass method in Section 4.3.2, the two-pass method in Section 4.3.3,
and the tax-at-the-border method in Section 4.3.4. The results are shown in Section 4.4,
including explicit definitions of carbon leakage in Section 4.4.2.e, followed by a discussion in

Section 4.5. In the discussion, I consider the broad set of criteria that are relevant to choice of a
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policy to limit leakage of carbon emissions from a regulated region to a neighboring unregulated
region that has no carbon regulation, and describe how the results of this chapter shed light on

some but not all of those criteria.

4.2 BACKGROUND AND LITERATURE REVIEW

Coordination of energy and environmental markets in regions that exchange electricity is
difficult. There can be differences in policies and procedures, in addition to distinct political
motivation. Inevitably, any two regions might have different policies when it comes to operation
of the electric grid. Since there is no federal policy for greenhouse gas emissions in the U.S.,
individual states have implemented their own emissions reduction policies. Although this section
focuses on the carbon policy in California, it is applicable to many regions that are considering an
emission reduction scheme. The sub-section describes the cap-and-trade system, with
background literature on the strengths and weaknesses of different implementation options. The
second sub-section defines of carbon leakage and options for a second-best carbon modeling.
Finally, the third sub-section includes further details on the history of cap-and-trade in California

and current practices.

4.2.1 Options for Valuing Emissions under Cap-and-Trade Regulation
Coordination when regions employ different policies is a complex issue, one that might not
have a clear solution. One issue that has become especially prominent due to climate change is
policies around greenhouse gas emissions. Different states in the U.S. have enforced policies
around the amount of greenhouse gas emissions that can come from the power sector. In the
Northeast, the Regional Greenhouse Gas Initiative (RGGI) mandates resources within its
member states buy allowances for greenhouse gas emissions, with a total cap on emissions

updated over time [151]. In California, the California Air Resources Board (CARB) has put in
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place a similar allowance system, requiring all resources selling to the California market purchase
allowances under Assembly Bill 32 [26].

These systems are called cap-and-trade and have been used in the U.S. and Europe to curb
emissions. Cap-and-trade limits the total emissions in a region by giving generators allowance
credits that can then be traded in a given time period [152]. By allowing trade, individual
generators can decide how much they can emit depending on the price of the allowance. While
the focus of this chapter is not on the efficacy of cap-and-trade or other renewable incentive
programs, literature on the efficacy is extensive for the U.S. [143], [153], [154], Europe [141],
[142], [155], between-countries [156], and compared to other renewable incentive programs
[12],[157]. Some major issues that ate addressed are the ways in which allowances ate allocated to
participants, its impact when competing with other renewable incentive programs (such as
Renewable Portfolio Standards (RPS)), and leakage (discussed later in this section). From a policy
standpoint, the focus of this chapter is on the impact of an existing cap-and-trade scheme within
one region on multi-region electricity markets, rather than the scheme itself.

Assuming a region is implementing a cap-and-trade system, there are several decisions that
must be made to account for emissions; broadly, these have been divided into load-based,
source-based, and first seller approaches [11], [146], [152], [158]. A load-based system forces the
demand-side to account for emissions from the power it consumes. If the load exclusively uses
bilateral contracts to buy power, the load-based system would be easy to track. However, in the
current electricity market framework, identifying the exact source of emissions is extremely
difficult [159] or not feasible [158]. Additionally, since inter-state sales can occur, further
complications arise from tracking emissions from these sales. Through simulation, [160] shows
load-based systems could raise costs and inhibit competitiveness. Further showing the
shortcomings of the mechanism, [161] shows load-based systems have increased transactions

costs, being at best equivalent to source-based systems.
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The source-based system focuses on accounting for emissions from the supply-side. As was
described above in reference to RGGI, allowances are allocated to individual sources of
emissions; these can then be bought or sold depending on need. This method is the most
popular and can work well in regions where all participants are subject to the cap-and-trade
scheme. The resource with the allowance will add any extra costs into their energy bid. In this
way, they can recover the cost and the supply stack will be reordered to account for resources
with new higher costs. However, this method becomes difficult when multiple regions are
involved; for instance, California buys power from participants outside the state who are not
subject to AB32. To deal with this issue, [11] designate “pure” and “modified” methods, where
the pure source-based approach would exclude imports and the modified version includes power
sold to California (or the target region).

Lastly, cap-and-trade can be implemented using a hybrid method called the first-seller
approach. Like the source-based approach, the first-seller scheme assigns emissions to the supply
side for generators within California. For imports, the entity importing the electricity is assigned
the emissions responsibility. Since the first-seller approach can account for emissions due to in-
state generation and imports, it is preferred by many including explicit endorsements from the
authors of [146] and [160]. Formal analysis of the method, called first-deliverer in the paper, is
simulated in [162], where the authors find that it is not likely to be more effective than the
source-based approach, and only slightly reduces emissions when certain rules are in place.

These three major methods address the source of emissions accounting under a cap-and-
trade regime. If utilized in a market context, each method will have distinct implications for
prices and schedules output from the market. To analyze the impacts of both emission trading
and market interactions of the different accounting methods, two papers distinguish themselves
by considering an endogenous allowance price [163], [164]. The first focuses on the method and
equity of allowance allocation [163]. By modeling two allocation methods, the authors assess

how each will impact leakage and profitability. They show that an allocation method providing
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high emission rate plants with more allowances to prevent cost shocks (“fuel-based” updating)
might instead increase costs and emissions in the long run relative to allocating allowances based
on production output (“output-based” updating). The second paper focuses on the strategic
behavior of generators under a carbon trading scheme [164]. They find generators with high
emissions rates are incentivized to take a long position in forward markets, driving up prices, and
allocation of allowances to generators with low emissions rates would decrease prices. The
results are complementary; both find that allocating more allowances to high emission rate plants
would not necessarily reduce emissions or prices. Both papers’ authors also acknowledge their
modeling departs from realistic markets, as they use a modified version of source-based
allowances. Even with this assumption, each draws important implications for markets.

Both simulation and regression can be used to analyze the impact of cap-and-trade on
electricity prices. Simulation has been used more extensively used for analysis of European cap-
and-trade system, called the European Emissions Trading Scheme (ETS) [165]-[167], whereas
cap-and-trade in U.S. affects fewer markets [168]. Engineering economic simulations anticipate,
consistent with economic theory, that at least some of the cost of carbon allowances would be
passed through to consumers, with the exact amount depending on price elasticities of supply
and demand, and the exact generation mix [11]. Regression analysis for the European ETS
examined whether futures electricity prices would respond faster to increases or dectreases of
COz allowances and fuel prices, finding that there was no evidence of asymmetric responses
[169].27 Although earlier work found no impact on electricity prices in California [170], the same
authors in [171] found the price of carbon in California significantly impacted several
surrounding regions. They advocate for expanding the cap-and-trade region, as the prices are

already being impacted by the program. This analysis underscores the difficulty of the California

27 The authors specifically analyzed the asymmetric response of prices to increases and decreases
in input prices (such as fuel), called “rockets and feathers.”
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cap-and-trade efforts. Assigning allocations and creating energy market rules for recovery of the
allocation price is exceedingly difficult when regions have asymmetric policies.

Much of the literature on cap-and-trade has focused on implementation of the cap-and-trade
auction and allocation methodology. Similar to [169]—[171], the research of this chapter begins
with the assumption the auction has occurred, and a price for emissions has been determined.
Instead of analyzing if carbon prices will influence electricity prices through regression, this work
simulates different methods for integrating carbon prices into generator bids. It focuses on the
issues that arise when neighboring regions participate in the electricity market, but are under no
legal obligation to reduce carbon output locally. This complication, as is present in California,
creates opportunities for divergent incentives and price manipulation. Through simulating
multiple bidding methodologies, this chapter compares costs, prices, total emissions, and leakage
to determine if one method dominates the rest. The next section will describe existing research

and definitions of leakage, followed by a discussion of the institutional context for this chapter.

4.2.2 Emissions Leakage and the Second-Best Response

Leakage can occur when neighboring grids have asymmetrical policies?® [25], [162], and is
defined as increased emissions outside of the target area due to imports [172]. Meaning, even if
emissions decreased in the target region (e.g., California), they might have increased elsewhere in
the network (e.g., Southwest or Northeast). Leakage can be calculated simply by comparing the
emissions in nonregulated region under a carbon reduction scheme to baseline emissions from a
market with no carbon regulation. Leakage can be expressed as a fraction:

(Increase in nonregulated region emissions)/(Decrease in regulated region emissions).

28 Leakage can occur on both the supply and demand side [162]. Demand-side leakage occurs
when consumption of a good decreases in the target region and increases elsewhere. Long term
supply-side leakage occurs when plants move out of the target region in response to increased
regulation.
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Literature on emissions trading schemes commonly uses this definition of emissions leakage
[28]—[31], [172]. It is most relevant to cap-and-trade systems that only apply to the regulated
region and do not attempt to attribute emissions to imports or regulate them (e.g., RGGI, Clean
Air Act SO, Trading Program, and European ETS). Leakage using this definition can occur if
energy imports from the non-regulated area to the regulated area increase and if the regulations
provide no incentive or ineffective incentives to limit measures in the non-regulated area.

There are vatiants on this definition; one proposed in this chapter suggest that if a region’s
policy accounts for estimated emissions associated with imports from another region, then
leakage can be defined as a discrepancy between the emissions accounted for in imports, and
actual changes in emissions outside the region due to imports. Since carbon emissions are not
localized, policies that aim to reduce carbon emissions should consider regional impacts rather
than local areas alone.

A related issue that arises is contract shuffling [173], in which power importers change the
designated source of power from dirty to clean sources without actually changing the operations
of facilities [140]. As a hypothetical example, California places value on reducing carbon
emissions by use of allowances, while Idaho, Nevada and Utah do not value limiting carbon
emissions. Say that a California utility presently has a power purchase contract with a Utah coal
plant. If the California policy penalizes imports that are associated with high emitting sources,
then the utility could switch its contract to existing hydropower plants in Idaho and Nevada. The
utilities in Idaho and Nevada that formerly bought hydropower could then obtain replacement
power from the coal plant in Utah. Utah can sell any kind of power to those utilities, including
power that has high carbon emissions. Although California is buying nominally clean power
from Nevada, Utah is still producing power from the high carbon emitting plant, meaning the
emissions are still taking place, just not directly being sold to California. Dispatch and physical
power flows are unchanged by the policy, but the emissions accounting system inaccurately

reports that emissions are reduced. This is an example of contract shuffling.
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The first-best response to capturing carbon leakage and contract shuffling would be a tax on
all externalities in the region. In the case of California, it would mean taxing all power being
dispatched by the ISO within California as well as other states. This would be the best method
for implementation since all generators would both bid their allowances and the prices would
reflect the cost. However, the surrounding states have not implemented a cap-and-trade
program, meaning they do not value greenhouse gases in this way. The first best solution would
therefore unduly tax their customers, and it is unlikely any state would support such a policy.
This chapter analyzes what method might be second-best [174], in that it can achieve carbon
reductions cost-effectively subject to the constraint that California cannot impose a tax or
shadow price on all carbon emissions by power plants in other states. Any method that is
second-best cannot capture the full extent of carbon emissions, but comes close given the policy
and regulatory backdrop of the region [144].

While the modeling in this section can be applied to any externality that is subjected to
differential regulation in neighboring jurisdictions, the language and descriptions in the section
focus on California’s challenge of attaining an emissions goal while integrating with neighbors.
From an economic standpoint, there is an environmental externality that must be internalized

into prices in one region and not affect prices in another.

4.2.3 Institutional Context

California and its neighbors have begun full coordination (integration) due to the great
benefits both sides are expected to achieve [148]. This market, called the Energy Imbalance
Market (EIM) [175], is a voluntary real-time market in the Western U.S. that co-optimizes all
participating resources as if they were one balancing area. Utilities and companies in surrounding
states have opted to bid their resources into the California market and abide by CAISO market
rules, but the market does not extend to include their residents in California state policies. These

different regions have diverging priorities, where California alone has a policy goal of reducing

118



greenhouse gas (GHG) emissions. Even if large economic benefits ate achieved from complete
coordination among real-time markets, there is a concern that emissions targets will not be met
[176].

Concern over greenhouse gas emissions arose as the CAISO was attempting to determine a
new governance structure for a West-Wide ISO [177]. The original proposal had a specific
principle related to GHG emissions; however, it was removed in the final proposal and noted it
was not directly related to governance [178]. It was later developed as an issue paper [179]. This
is not a new concern for California, but the models used to address the issue have changed over
time. One of the methods examined in this chapter (the single-pass method) and current practice
for California can result in carbon leakage, a concern for environmental groups and the
California Air Resources Board [31], [180].

If plants bid their allowances into the real-time market, the lowest cost resources will be
dispatched for each load, likely dispatching high cost resources last. However, in a single
optimization, here called the single-pass method, leakage and contract shuffling are still issues. In
this chapter I compare the results of the single-pass method with other real-time market clearing
procedures that have been proposed to lessen the amount of leakage and/or contract shuffling.
One such procedure was proposed by the CAISO [148], [149], essentially establishing a counter-
factual that allows California to attribute emissions to imports it buys from other states, and
more accurately characterize the emissions that can be attributed by its own load. Due to
criticism, such as [27], the proposal was recently amended, which is one optimization model
(rather than two passes)?. Although the model has changed and likely will continue to change, a
comparison can still provide insight into the relative differences of these methods. The results of

a two-pass system can be compared against other approaches to avoid leakage, particularly a tax-

2 The proposal was amended in February 2018, and this dissertation was completed in April
2018.
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at-the-border method, which places a hurdle rate on trades, limiting emissions but not capturing
all leakage.

The question of bidding allowances into energy markets is relevant to several ISOs at
present. California went through an extensive stakeholder process to develop the two-pass
methodology (described in Section 4.3.3) [148]. Due to the rapid developments in the politics of
regional coordination and the emergence of new approaches, especially in the California context,
academic literature is just beginning to address the topic.®® The author in [27] points to several
disadvantages of the two-pass proposal and briefly lays out an alternative. As stated in the paper,
the core shortcomings of the two-pass proposal are its deviation from efficient dispatch, creating
perverse bidding incentives, increasing the demand for carbon permits. As an alternative, the
paper suggests imposing an exogenous fee and using a separate settlement structure that would
maintain efficient dispatch and charge each party according to regional policy.

Outside of [27], several reports have been published that discuss the incentives and
implications carbon pricing on markets. In response to New York’s carbon goals, NYISO
commissioned a report to analyze carbon pricing for the state [23]. The extensive report
addresses alternative carbon pricing options, market design issues such as leakage and allocating
carbon payments back to customers, and the overall benefits to markets. They identify two main
ways to create carbon prices for New York: add a carbon price for each MW generated or create
a secondary (and tighter) cap-and-trade system. While each has its benefits, neither can fully
apply to the case in California, since California dispatches generators in states not under the cap-
and-trade system. Although the New York market is separate than its neighbors, it is part of

RGGI, where there is an embedded carbon cap.

30 The effort to reform integration of greenhouse emissions into the California market began in
September 2016 with CAISO’s announcement of a new initiative, “Regional Integration
California Greenhouse Gas Compliance” [179]. After a straw proposal was published in
November, a draft final proposal was issued in June 2017, followed within the month by a
revised version [149]. The second revision was published in February 2018 [240].
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Unlike New York ISO, the PJM system operator is composed of states with differing carbon
policies. PJM is evaluating options to manage carbon in the region, and have published a report
most similar in scope to Section 4.2.1 [25]. They analyze both the two-pass method proposed by
CAISO and a single pass method (described in Sections 4.3.3 and 4.3.2 respectively); while
neither method is strictly preferred, they simulate an example where the two-pass method
reduces emission further than the single-pass.

The simulations in this chapter similarly analyze both the two-pass and single-pass options.
However, the work in this chapter extends the comparison to a tax-at-the-border alternative and
rigorously evaluates the resulting prices, dispatch, payments, and costs. No report or paper to
date has analyzed the variety of carbon pricing methods for wholesale markets given asymmetric
carbon polices, as is the case in California. The simulations offer a framework for assessment of
existing and proposed mechanisms, and provide further guidance on how carbon costs
incorporated into market algorithms can impact cots and emissions in a region.

Each of these models will be described in the next subsections, followed by examples. The
models refer to California in the formulation, because it is the target case study and to ease
understanding. It is also consistent with the cited formulations for the CAISO’s proposed two-
pass model. This methodology, however, can be generalized for any two or more sets of regions.
However, further complications might arise if any other surrounding state implements a carbon
tax or cap-and-trade system, such as the one Washington put on the ballot in 2017. This issue
will continue to arise in regions with adjacent balancing areas, such as PJM [25], New York [23],

and the European Union.

4.3 GHG TRADING MODELS

In order to examine the impacts of different carbon pricing schemes, five approaches are
modeled and analyzed. Two approaches represent the extreme cases: no greenhouse gas pricing

and a socialized price for all. These two models will bookend the three cases that incorporate
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carbon pricing and attempt to account for carbon embodied in imports using different types of
models: a single-pass, a two-pass, and a tax-at-the-border method. Mathematical models for each
of the five methods are explained in the subsections below. Two methods are modified from
California ISO’s modeling efforts to integrate greenhouse gas trading into their market [148]:
single-pass and two-pass methods. The CAISO has changed the model formulation over the last
few years and very recently decided to adjust the method to a single pass, different from the one
shown in this section. The stakeholder process is ongoing and negotiations with the California
Air Resources Board are still to come. While the method discussed will not be implemented, it
still provides a counterpoint for the remaining models.

The five models will be compared based on region specific and total emissions, costs,
surpluses, and prices. The focal outputs, emissions and costs, are compared in a two-dimensional
plot to see how the five simulations compare. A sensitivity analysis will then be presented to

determine the sensitivity of the results to different the chosen carbon prices.

4.3.1 Upper and Lower Limits: No Greenhouse Gas Model & Social Cost
of Carbon

At the upper and lower limits of the model types are the no greenhouse gas (No-GHG) case
and the model which includes a social cost of carbon. The No-GHG model should have high
emissions, as cost is the only factor in considering dispatch; it should be the upper limit for
emissions and the lower limit for cost. The bookend to a No-GHG model would be a ‘full’
GHG model, or one where each and every generator considers the social cost of carbon. It
would be the lower bound for emissions, and near the upper bound for cost. Although this is not
the only method to determine a lower emissions solution, out of the methods proposed below, it
is the first-best solution to lowering emissions because all generators face the same price of
carbon, and carbon has the same impact no matter where and when it is emitted. The method is

only a theoretical possibility, unless all regions and generators are mandated (or agree) to
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dispatch considering the same cost of carbon. However, it is a useful benchmark against which
the emissions reductions and costs of other solutions can be compared.

There are several constraints that are the same for all five models, and are common to most
economic dispatch models. The common constraints, together with an objective that involves
only fuel and other variable operations & maintenance costs and excludes carbon penalties,
create the ‘No-GHG’ case, where plants are dispatched solely based on their characteristics and
marginal costs. The objective in (4-1) is simply minimizing the cost of operations, or marginal
costs multiplied by quantity dispatched. Lower and upper bounds on generation and line flow are
in (4-2) and (4-3). Flow on a line is calculated using the Power Transfer Distribution Function
method (4-4), and (4-5) is the node balance constraint. For simplicity, and to be consistent with

max
Di

previous chapters, represents the total inelastic (fixed) demand for the period, rather than a

variable for demand dispatched.

No Greenhouse Gas Model Formulation

Minz Z Cybg,c

vt Vg ( 4 1)
Subject to

0 <pge < B Vg, t (4-2)

FRM < fie < P2 Vk,t (4-3)

fur = Z PTDF,, (z Do — Dgfgax) Vi t (4-4)
i geG;

D Pac= ) D=0 (@-5)

geG ieN

Mathematically, a model with no carbon price and one with a socialized price are similar.
They differ only in the bid in cost of the generating facilities. The Social Cost of Carbon method

would change the objective to include the GHG cost bid along with the marginal cost bid, as in
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(4-6). Otherwise, the model remains the same. This formulation is used as a first-best

comparison, showing possible outcome if all regions valued carbon the same way.

Social Cost of Carbon Formulation

Minz Z(Cg + CEH g
vg (4-6)

vt

Subject to
42)- 45)

4.3.2 Single-Pass Method

In order to capture the power flow due to power plants emitting greenhouse gases,
constraints and variables must be added to record or tag plants that emit greenhouse gases. The
single-pass method allows the system operator to limit the imports of power into California to
those plants who bid a greenhouse gas cost and quantity into the market. The greenhouse gas
costs are accounted for separately from other costs for generators outside California and
included in a single energy bid for generators within California. Within California, they are one
and the same, as the costs will be paid by California residents. Generators outside of California
also have the option of only serving their local load by submitting a quantity bid of zero to the
California market (i.e., their power can’t be used to support exports to the CAISO); CAISO will
then dispatch them in merit order without any sale to California load. With a non-zero capacity
bid, the resource can provide up to that amount of power to California customers. By using
greenhouse gas cost bids in addition to energy bids, prices in California will reflect combined
energy and greenhouse gas costs. Outside of California, prices are calculated without a
greenhouse gas adder, so residents of other states do not pay for California state regulations.

The single-pass method suffers from the contract shuffling problem described in the
literature review and introduction to Section 4.2.1, in which greenhouse gas emitting plants in
Utah might displace renewable energy in Nevada thereby maintaining rather than reducing

emissions. This issue is often referred to as contract shuffling [145]. In a single pass method, the
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power being sold to California will have lower emissions, but does not impact sales among the
surrounding regions selling.

The model formulation from CAISO’s June 23, 2017 model [149] is used as the basis for the
single-pass method, and the two-pass method in the next section. In the single pass method, the
objective has two sets of terms. Like the economic dispatch model above, the marginal costs of
production are minimized. In addition, we must assign a cost to GHG emissions. As discussed in
Section 4.2, generators are required to purchase allowances to offset the emission of CO2 from
an emission auction, and this value will determine the GHG price bid that is offered into the
real-time auction. In addition to the price bid, a new quantity for production from a plant whose

GHG emissions are attributed to California consumption must be introduced. The variable

GHG

gt - The new

captures the net flow of power to California from greenhouse gas emitting plants, p
bid is multiplied by the new quantity and minimized in the objective in (4-8), below.

The remainder of the additional constraints defines the bounds on the GHG quantity
variable. The lower bound of the sum is defined in (4-9) by the total power generated outside
California less demand, i.e., anything imported into California. The upper bound for each
generator is defined in (4-10)-(4-12) as the minimum of the power dispatch of the generator, its
capacity, or the GHG quantity bid into the market. In actual operations, these models would be
the final auction before power delivery. Before this model runs, there would be a fifteen minute,
an hour-ahead, and day-ahead market auction. The results of those auctions would be patt of the
input to this model. Since this comparison is only considering a single market framework,
additional inter-auction constraints are omitted.

For both the single-pass and the two-pass models, prices (LMPs) outside of California
include an adder for greenhouse gas emissions. If the dual variable on the node balance
constraint (4-3) is A, the transmission constraint (4-5) is py . (+ for upper bound and — for lower

bound), and the greenhouse gas lower bound (4-9) is 1, then prices at each node are defined as

in (4-7). The system energy price () can reflect additional costs of greenhouse gas emissions. By

125



adding the greenhouse gas lower bound dual, 7, the prices outside of California will only reflect
the marginal energy price and the additional costs of greenhouse gas allowances. This ensures

that load only pays the marginal cost of energy and not the additional greenhouse gas bid.

LMPy. = A+ ) PTDFypgtty = ) PTDFipticy + 1 vg,t @)
k k

Single-Pass Formulation

Mlnz Z( Do) + Z (cEHepsHe) (4-8)

VgECA
2, s 0 DS D vl ve (4-9)
gg&cA ggCA
Pgi’ < Dge vg,t (4-10)
pGHG < GGHG Vgt (4-11)
ngG < pmax Vgt (4-12)

and (4-2) - (4-5)

4.3.3 Two-Pass Counterfactual

The two-pass system was designed in an attempt to address the leakage problem that can
occur with emissions trading in the single-pass method. As described eatlier in Section 4.2.1, a
single pass method might apparently reduce emissions directly sold to the interested party (in this
case California), but maintain or even increase emissions elsewhere in the network. In an attempt
to limit the substitution of external polluting generation for within-California generation (i.e.,
leakage), so that total emissions are reduced, a two-pass method was proposed by the CAISO. In
order to limit the substitution, the first pass must establish the baseline emissions that would
occur without California. This is done by limiting the first pass to trade outside of California.
The schedules from the first pass are used as input for the second pass, but prices from the first

pass are not used for settlements. The second pass then uses the baseline to limit emissions; the
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upper bound for generation capacity becomes the difference between total capacity and the

optimal baseline from the first pass. The two passes of the two-pass system are described below.

First Pass

The first pass limits imports by California to be non-positive in total, so that California must
supply all of its demand, and the remaining nodes can trade amongst each other or buy
California exports. This is enforced through (4-14), where the sum of the flow on lines going
into California is non-positive, allowing exports from California to the remaining nodes.
Although nodes outside California will not directly pay for greenhouse gas emissions, the
greenhouse gas dispatch variable is included in the first pass to set a baseline for the second pass.
This enables the model to distinguish between emissions caused by California and those that
would be emitted otherwise.

As in the single-pass, the GHG dispatch variable is included in the objective only for the
generation outside of California, seen in (4-13). The lower and upper bound for pJ{¢ is defined
as it was in the single-pass method and the trade is limited GHG capacity submitted to the
market, shown in (4-15) and (4-17)-(4-19). The only time pj¢ will be positive is if the previous
markets pass on generation from one region. In the model this value is shown as T;s, which

represents the fifteen-minute market. In all simulations, this value is zero.

Two-Pass Counterfactual: First-Pass Formulation

minz Z(Cgpg_t)+ z (CfHGpgf;'G) (4-13)
vg

vt Vg&CA

Agefiee =0 vt (4-14)
VKECA
2 Py~ ZMCADL“%“ < 2 PgLe vt (4-15)
gECA gECA
> pgHe < T vt (4-16)

g&CA
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PoHC <pge Vg € CAt (4-17)
poic < Ggit Vg & CAt (4-18)
poie < X Vg € CAt (4-19)

and (4-2) - (4-5)

Second Pass

Using the first pass GHG dispatch as a baseline, the second pass can redispatch generation
throughout the region considering cost and limited by the baseline emissions. There are two
modeling differences in the second pass. The limit imports to California is eliminated, and the
limits on pgft’ ¢ are now tighter. The difference between the maximum capacity, and energy and
GHG dispatch from the first pass now creates an upper bound for the GHG dispatch variable.
This limits the dispatch so that any change from the first pass can be attributed to demand from
California. In this way, the ‘leaked’ power will now be influence the price and final energy
dispatch.

A brief example can illustrate how the two-pass method works. A generator outside of
California has a maximum capacity of 100 MW and submits a greenhouse gas quantity bid of 90
MW due to previous local contracts of 10 MW. The first pass dispatches the generator to 60
MW. The GHG dispatch variable is the lesser of the capacity (100 MW), the GHG quantity bid
(90 MW), and the energy dispatch (60 MW); it happens that the optimal solution is 55 MW in the
first pass. In the second pass, the GHG variable will be the limited again by the dispatch, GHG
quantity bid, and the last term of (4-21), which is 100 MW — (60 MW — 55 MW) = 95 MW. Since

the GHG quantity bid is lower than the last term, the variable would be limited to 90 MW.

Two-Pass Counterfactual: Second-Pass Formulation

min " Y (Copge) + . (CEMpEHO) (4-20)
vt Vg

VggcA

PeHC <pgr Vg & CA,t (4-21)
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pCHE < GSHO Vg & CAt (422
pGHS < pmax — (i — pgHe Vg g CAt  (4-23)

and (4-2) — (4-5), (4-15), (4-16)

4.3.4 Hurdle Rate or Tax-at-the-Border

The last method takes a simplistic approach: limit the amount of GHG emissions coming
into California by putting a hurdle rate or tax at the border on all imports. Similar to the hurdle
rate used in Section 5.5.3, this rate puts economic friction on any power flowing into California.
The power will not be imported unless its value is above the tax [158]. Unlike the former hurdle
rate, this value is asymmetric. Since only California values emissions, the import tax is much
higher than the export, or the export tax is zero or negative. Unlike the previous methods, the
tax-at-the-border method overlooks the individual emission rates of power plants. Any power
coming across the border must ‘hurdle’ the tax, which can include plants for a variety of
emission rates.

The formulation adds a term in the objective, (4-25), to tax the flow into California. Two
new variables are introduced for these flows, si4 and sf4 | respectively. The variables are
defined in (4-26), and only apply to the intertie lines into and out of California. The input values
chosen for the GHG import tax (TFH¢) can have a significant impact on the outcome of this

model. The export fee (TP

) can be negative, maximizing the power leaving California; if the
power is primarily from plants with higher emissions, total emissions might not decline overall.
This simulation set the export fee to zero and varied the level of the import tax. The results show
how different import taxes impact the results, and future simulations can examine how varying
the export fee might impact outcomes. The prices that result from the hurdle rate formulation

include the dual variable of the import/export (@) constraint in (4-26). The calculation for

prices at each node is in (4-24).
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Tax (Hurdle Rate) Formulation

min Z Z(Cgpg’t) + TtGHGStiCA + TtexPortstA (4-25)
vt Vg
S =sEh = ) e vt (4-26)
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and (4-2) - (4-5)

4.4 WESTERN U.S. EXAMPLE

4.4.1 Network Description

The three methods for GHG trade and carbon accounting for imports are compared in an
example using the network and generation modified from [11]. The three-bus ten-generator
example is a rough approximation for the Western U.S., where California includes GHG costs in
their prices while the remaining two nodes, the Northwest and Southwest, exclude GHG costs
from prices. The generator and load data can be found in Table 4-1 and Table 4-2, and the
network configuration in Figure 4-1.

A single hour is modeled. The generators from [11] represent aggregated units, broadly
mimicking the generation in each region. The Northwest has a great deal of hydro, which is
represented by Gen 6 with zero GHG emissions and zero marginal cost. The remaining
generation is not specific to a technology, but has representative characteristics; the Southwest
has some lower cost resources with higher emissions compatred to the lower emissions and
higher costs of California. Compared to [11] the marginal cost, capacity, emissions rate, and
network characteristics have not been modified. Since the GHG bid and cost are specific to this
problem, they were calculated based on the provided emissions rate. The calculations multiplied

the emission rate by the prevailing price for CO; allowances. The November 2017 allowance
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auction produced a rate of $15.06/metric ton CO; [181]. To reflect the increasing trend of
allowances, this project used a rate of $17/metric ton CO,, which is in line with other cap-and-
trade schemes like RGGI [23] and in the same range as those used in simulations of California
[170]. The GHG costs that result are in Table 4-1. This value can greatly influence the outcome
of the different methods; a sensitivity analysis is done with results in Section 4.4.4. Additionally,
the flow on the line between the Southwest and California is modified to increase available

capacity to allow for further trade among all three regions.

Table 4-1 Generator characteristics

Location Marginal Cost  Capacity COz Rate GHG bid GHG cost
S/MWH)  (MW)  (ke/MWH)  (MW)  (8§/MWh)
Gen'1 CA 28.14 250 580 - 9.86"
Gen 2 CA 26.46 200 545 - 9.27"
Gen 3 CA 26.6 450 600 - 10.2*
Gen 4 NW 15.52 150 500 150 8.5
Gen 5 NW 16.2 200 500 200 8.5
Gen 6 NW 0 200 0 180 0
Gen 7 SW 17.6 400 1216 400 20.67
Gen 8 SW 16.64 400 1249 400 21.23
Gen 9 SW 19.4 450 1171 450 19.91
Gen 10 SW 18.6 200 924 200 15.71

*These values are not used as GHG cost bids in simulations, rather are added to the marginal costs and
bid as enetgy costs. The resulting California marginal cost bids total 38, 35.72, 36.80 $/MWh respectively.
Only the No-GHG case uses the marginal cost values from the table.

Table 4-2 Network characteristics

Line/Node CA NW SW
Max Capacity Load 890 MW 303 MW 634 MW
Line 1 255 MW PTDF +0.3333 —0.3333 0
Line 2 120 MW Values +0.3333 +0.6667 0
Line 3 60 MW —0.6667 —0.3333 0
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Figure 4-1 Three-bus network diagram

4.4.2 Simulation Results

Each of the five methods was modeled in AIMMS and solved using CPLEX. The GHG
models have approximately 53 constraints and 23 primal variables, and the hurdle rate model has
23 constraints and 15 vatiables. The results are shown Sections 4.4.2.a-4.4.2.¢, which desctibe
market outcomes, including: dispatch, operating costs, emissions, prices and profits, and carbon
leakage. In the results section, the term ‘GHG models’ refers to the simulations that include
GHG costs in some form, including the single-pass, two-pass, tax, and social cost of carbon
models (excluding the No-GHG case). The first pass of the two-pass system is shown in the
results for reference, as the proposed two-pass method does not include a pricing run for the
first pass.

The tax-at-the-border method also shows two results: below and above the effective break
point. Propetly selecting a tax or hurdle rate is one difficulty with this method, and examining
many hurdle rates enables evaluation of both successful and unsuccessful rates. In this simple
example, there is a break point above which the tax limits all trade to California and acts like the
first pass of the two-pass method, thus making it ineffective. In this case, “ineffective” does not
mean carbon emissions are reduced. It means the regional market is ineffective in terms of
promoting trade (it discourages trade). Below this point, the tax takes effect and allows some

trade between regions. For this example, the break is $20.40/MWh; anything at or below
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$20.40/MWh would allow trade at that price while anything above it would limit trade to

nothing. One additional point lies with a tax of $0/MWh, where the results would be equivalent

to the No-GHG case. Different problems will have different break points and determining that

point remains a difficulty with the tax method. The break point for this problem is found by

looping through incremental tax rates to find changing solutions. A summary of each model type

can be found in Table 4-3.

Table 4-3 Summary of model types

Name Description
No.GHG No greenhouse gas costs in the objective for any generator (in
© California or the rest of the West (ROW), no additional constraints
GHG only in CA Greenhouse gas costs in the objective only for California generator but

Single-Pass

First Pass
Two-Pass
Second
Pass
Effective
Tax
Ineffective

Social Cost of Carbon

4.4.2.a Dispatch

not for ROW, no additional constraints

Greenhouse gas costs part of CA generator’s energy bid (“GHG in CA
MC”), separate variables and constraints to account for and penalize
greenhouse gas costs for ROW generators deemed to export to CA

No imports or exports to CA, sets a baseline for greenhouse gas
accounting, GHG in CA MC

Allows imports and exports, identifies and penalizes the greenhouse
gas imports using baseline from first pass and same constraints as the
single-pass, GHG in CA MC

Net flows into CA must pay a tax (or buy allowances) based on an
assumed ROW-wide marginal emissions rate and tax rate/allowance
price, equivalent to 20 $/MWh; GHG in CA MC

Same as above except the tax (> 20 $/MWh for this case)

Greenhouse gas costs included in all CA and ROW generators’ energy
bids, no additional constraints

The total dispatch level is shown in Table 4-4. Both the No-GHG and the ‘GHG only in

CA’ models result in the same dispatch, and are shown in the same column. The difference

between these models is the carbon price on generators in California; in the latter model,
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generator offers in California are composed of the marginal and GHG costs added together.
Given the input data in this chapter, the imports between the Northwest and Southwest region
and California are particularly limited. The transmission capacity between the Southwest and
California is small, preventing additional imports between the regions. The marginal (fuel) costs
are also high in California, much higher than the rest of the West. When the GHG costs are
added to the marginal costs, merit order does not change, meaning the supply stack stays the
same.

Table 4-4 Power dispatch level in MW by plant, and net exports (generation minus load) by region
No-

GHG/ | Single | TWoPass Tax Social Cost
Region | GHG only| Pass First Second| Effective Ineffective| of Carbon
in CA Pass  Pass (<20) (>20)
Gen 1 CA 26.7 30 240 105.6 90 240 77
Gen 2 CA 200 200 200 200 200 200 200
Gen 3 CA 450 450 450 450 450 450 450
Gen 4 NW 150 150 150 150 150 150 150
Gen 5 NwW 200 200 1329 200 200 132.9 200
Gen 6 NW 200 200 200 200 200 200 200
Gen 7 SW 250.3 247 1041 1714 187 104.1 0
Gen 8 SW 400 400 400 400 400 400 400
Gen 9 SW 0 0 0 0 0 0 0
Gen 10 SW 0 0 0 0 0 0 200
CA net export -213.3 -210 0 -134.4 -150 0 -163
NW net export 247 247 180 247 247 180 247
SW net export -33.7 -37 -180 -112.6 -97 -180 -84

With No-GHG limits and no effective tax, California imports the greatest amount of power,
followed by the single pass method and the effective tax. If California is required to supply its
own powetr, in the first pass of the two-pass method or the ineffective hurdle rate, the high cost
Gen 1 is used almost at capacity. In the remaining cases, Gen 7 increases output to supply
California and Gen 1 is operated a lower level. Including the cost of emissions, Gen 7 cost
slightly more compared to Gen 1 ($38.27 compared to $38). The single pass model backs down
the units in ‘clean’ order rather than merit order, meaning it backs down the highest marginal and
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carbon cost unit rather than the highest marginal cost unit. The two-pass and effective tax
models also back down Gen 7, but significantly more than the single pass method. Seeing only
the marginal and carbon cost of Gen 7, the social cost of carbon model does not turn it on, and
instead turns on Gen 10, which has a lower marginal and carbon cost.

The last three rows of Table 4-4 show the net exports, or generation less load, for each
region. The imports into California are highest for the No-GHG case and the social cost of
carbon case. The first pass of the two-pass model and the ineffective tax do not import or export

power to California.

4.4.2.b Operating Costs

Next, we examine the total variable operating costs of each node. These are costs of fuel
and non-fuel variable operations & maintenance and, as indicated below, either include or omit
the expense of AB32 emissions allowances. The total costs are separated into three tables, Table
4-5 through Table 4-7: the first shows costs including GHG costs for California based on AB32
allowances and the taxed imports (for the tax model), the second includes all additional GHG
costs due to AB32 allowances for all regions, and the third excludes GHG costs altogether. Note
that Table 4-6 shows the true social cost, including all non GHG operating costs plus the social
cost of carbon emissions. It can be obtained by multiplying each generator’s emissions rate by
the social cost, assumed to be $17/ton.

Note that the actual operating costs of any system can include or exclude GHG costs
depending if the allowances procured by generators are given for free or auctioned. If allowances
are free, then the costs in Table 4-7 would reflect operating costs.3! If they are auctioned, and all
generators outside of California are able to recover the costs or are allocated allowances for free,

Table 4-5 shows the total costs per region. The tax columns in Table 4-5 show the tax rate in the

31 This assumes that the generators who emit GHG and therefore must hold allowances are
given them for free; if however allowances are allocated freely but to generators who do not
need them and therefore sell them to generators, then the distribution of costs will differ,
although the total in Table 4-7 would be correct.
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costs for the Northwest and Southwest, adding a tax of $20.40/MWh to the imports from each
region into California (imports totaling 150 MWh). The ineffective tax does not import into
California, which is why the costs are higher in the Northwest and Southwest for the effective
tax compared to the ineffective tax. If all regions require generators to purchase allowances, then
Table 4-6 would reflect the generator’s cost of operating under GHG pricing,

Unsurprisingly, the lowest cost solution in Table 4-5 and Table 4-7 (both of which do not
include any GHG costs in that particular solution) is No-GHG, the case in which no plant pays
for AB32 allowances. Its cost is shown as the same in both tables, because there are no carbon
costs charged to any plant in that regulatory model. The second lowest cost solution is the single
pass method, which trades the most power among the GHG methods, thereby operating the
least cost generators. Next is the two-pass method followed by the effective and ineffective tax
models. The tax payment is excluded from the totals in Table 4-7, since it would depend on the
exact amount. As noted eatlier, the ineffective tax has the same solution as the first pass of the
two-pass system, allowing no trade and operating at the highest cost.

California’s operating cost follow the same trend as total system costs, with the No-GHG
solution as the lowest cost, followed by the single pass. The Northwest operating costs only
differ when no trade is allowed to California; the remaining solutions are the same. Because their
plants are operating at capacity, their dispatch is only impacted when all trade is blocked. Finally,
costs in the Southwest increase under the GHG schemes, and become lower when trade is
blocked. Because Southwest plants operate at higher output, total costs grow when allowed to
trade with California. However, their revenues will also increase when they sell more. Since the
marginal unit sets the price in the Southwest, profits happen to be the same for all simulations;
further results are shown in Section 4.4.2.d.

The operating costs including the cost of carbon in all regions (as charged by each respective
regulatory scheme) are shown in Table 4-6; for consistency with the remaining models, carbon

costs are shown in Table 4-6 for the No-GHG case. As might be expected, the costs of the No-
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GHG method including catbon costs are higher than the GHG models. The social cost of
carbon model has, by construction, the lowest cost, since the carbon costs are considered during
dispatch. The second-pass and the effective tax have similar solutions, and are second-best only
to the social cost of carbon solution. Both models do not turn on Gen 10, which has a lower
combined matginal and carbon cost, but are able to use more power from Gen 1 ($38/MWh
combined) than Gen 7 ($38.27/MWh combined). The highest cost solution is the ineffective tax

and the single pass, since both require the use of high cost resources in California.

Table 4-5 Total operating costs ($/hour) (excluding non-CAISO GHG costs)

GHG . Two-Pass Tax Social
No- vi Single Cost of
GHG or::)l;m Pass First Second | Effective Ineffective Cosb o
Pass Pass (<20) (>20) arbon
CA 18,013 24,720 24,844 32,824 27,718 27,124 32,824 26,630
NW 5,568 5,568 5,568 4,481 5,568 8,264 4,481 5,568
SW 11,061 11,061 11,003 8,488 9,672 10,310 8,488 10,376
Total | 34,642 41,348 41,415 45,793 42958 45,699 45,793 42,574

Table 4-6 Total operating costs ($/ht, including GHG costs for all regions assuming social cost of $17/ton

for CO,)

No-GHG/ . Two-Pass Tax .
GHG onl Single ) ‘ Social Cost
L CA y Pass | g p Second P Effective Ineffective | of Carbon
in st Pass Seco ass (<20) (>20)
CA 24,720 24,844 32,824 27,718 27,124 32,824 26,630
NW 8,543 8,543 6,886 8,543 8,543 6,886 8,543
SW 24,728 24,602 19,133 21,708 22,306 19,133 22,011
Total 57,990 57,989 58,843 57,969 57,973 58,843 57,184
Table 4-7 Total operating costs ($/hout, excluding GHG costs for all regions)
Two-Pass Tax
No- Single . . Social Cost
GHG | Pass | FirstPass Second Pass E?;eg(t)‘)ve I“e(ifzgt)“’e of Carbon
CA 18,013 18,106 24,016 20,234 19,795 24,016 19,429
NW 5,568 5,568 4,481 5,568 5,568 4,481 5,568
SW 11,061 11,003 8,488 9,672 9,947 8,488 10,376
Total | 34,642 34,677 36,985 35,474 35,310 36,985 35,373
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4.4.2.c Emissions

The model with the highest emissions solution is the case without any GHG constraints,
seen in Table 4-8. The single pass, effective tax and two pass methods follow respectively, each
with lower total emissions. As anticipated, the lowest emissions solution is the social cost of
carbon method. The second lowest total emissions come from the ineffective tax or first pass of
the two-pass method, showing that no trade with California actually lowers emissions more than
any method. This is due to the high-cost low-carbon resources in California. The highest cost
method (social cost of carbon) produces the lowest emissions, while the lowest cost solution
(No-GHG) produces the highest emissions. These set up the ranges of possible cost and
emissions outcomes, and allow us to examine the solutions in-between. The single pass method
has low operating costs (excluding GHG costs), but much higher emissions compared to the

two-pass method.

Table 4-8 Emissions per node in tons of CO2/hout

No- Single Two-Pass Tax Social Cost
GHG Pass First Pass Second Pass Et('f:;;c)l)ve Ine(f:i;:)t)lve of Carbon
CA 394.50 396.40 518.20 440.26 431.20 518.20 423.66
NW 175.00 175.00 141.46 175.00 175.00 141.46 175.00
SW 803.93 799.95 626.17 708.00 726.99 626.17 684.40
Total 1,373.43 | 1,371.35| 1,285.83 1,323.26 1,333.19 1,285.83 1,283.06
Reduction
relative to 0 2.1 -87.6 -50.2 -40.2 -87.6 -90.4
No-GHG

A regional fuel cost per unit of emissions reduction can be determined by comparing the

change between each model and the No-GHG case (difference in total cost, in Table 4-7,
divided by total emissions), seen in Table 4-9. Operating costs for the comparison include the
marginal fuel cost, excluding any GHG costs. This cost per ton is the incremental cost of
removing carbon, or the social cost of removing CO». While the magnitude of the average cost

in each case is different, the relative changes for California generators are the same, $48.52/ton.
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This value is the sum of the marginal cost of Gen 1 (increases its output) and GHG allocation
dual variable, which is difference between the GHG cost and marginal cost of Gen 1 and the
marginal cost of Gen 7 ($38-$17.6). When California reduces its emissions, it is only because of
moving Gen 1 up and Gen 7 down in every case, which is why the California marginal cost of
emissions reduction is constant.

Since the Northwest costs and emissions are the same as the No-GHG case for all cases
except when no trade occurs, this means that no average cost can be calculated. Similar to
California, the Southwest has the same cost per unit for all cases except the social cost of carbon
case. The totals show a similar incremental cost for the solutions, a higher cost for the cases
without trade (first pass and ineffective tax), and the lowest cost for the social cost of carbon
case. Since both costs and emissions decrease for the Northwest and Southwest, the values are

negative.

Table 4-9 Cost increase per metric ton of COs reduction ($/ton, excluding GHG costs) compared to the
No-GHG method

. Two-Pass Tax .
Single Social Cost
Pass First Pass Second Pass Et('f:;:;c)l)v ¢ Ine(f:'ezzgt)lve of Carbon
CA 48.52 48.52 48.52 48.52 48.52 48.52
NW no change| -32.40 no change | no change -32.40 no change
SW -14.47 -14.47 -14.47 -14.47 -14.47 -5.73
Total 17.50 26.75 16.61 16.62 26.75 8.10

Even though the single pass costs less than the other methods, the social cost of removing
CO; is around $17/ton for all second-best?? methods, about double the cost of the social cost of
carbon case. This is also the slope of a line connecting the second-best points on Figure 4-2,

discussed next, with the no-GHG solution. The social cost minimization case removes mote

32 Second-best methods are methods which cannot impose a direct tax on all carbon emissions,
but given the regulatory constraints of the system, can achieve carbon reductions cost-effectively.
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CO: at a much lower per unit cost, which highlights the inefficiency of partial geographic
coverage of carbon laws.

Emissions and non-GHG operating costs are compared side-by-side for each model in
Figure 4-2. As might be expected, the No-GHG model is in the upper left corner, with low costs
and high emissions. In the lower right corner is the first pass of the two-pass model and the
ineffective tax, both with no imports into California. These models have the highest costs, but
also consequently have low emissions. Lower emissions for no import cases might not be a trend
for systems with different characteristics, especially, if the regulated system has higher emissions
rates than surrounding regions (shown briefly in Section 4.4.3). Falling between these cases is the
effective tax and the second pass of the two-pass system. Neither system has the lowest

emissions or the highest costs.

1,380 -
No GHG

1,370 4 Single Pass

1360 -

1,350 ~
o 1,340 -
8 1330 - B Tax (effective)
2]
g 1320 - A Pass2
= 1310 -
.S
Z 1300 -

g 1290 - Tax (ineffective)
Moo S Social Cost Pass 1
1,280 - Carbon ass
1’270 T T T T T T T 1
$38,000 $38,500 $39,000 $39,500 $40,000 $40,500 $41,000 $41,500 $42,000

Operating Cost

Figure 4-2 Comparison of total opportunity costs (without carbon costs, $) versus total system emissions
(tons)

Meanwhile, the social cost of carbon model deviates from the downward sloping line
connecting the other four, with the lowest emissions and relatively low costs. The social cost
system dominates all the solutions except No-GHG and single-pass by having both lower costs

and lower emissions, again highlighting the large inefficiencies of partial coverage of GHG
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regulations. Otherwise, no method dominates the other methods. Assuming that the social cost
solution is not politically feasible, implementation of another method involves spending more
money for more emissions reduction, which is a value judgment. Thus, using the economist’s
definition of second-best,? all the other solutions are efficient ways of achieving the given level
of reduction, given the political constraint, and are second-best. This conclusion for second-best
methods may be highly dependent on the system in question, and I anticipate that the shape of a
graph like Figure 4-2 can change significantly system to system. However, the social cost of
carbon method will always dominate the second-best methods, because it directly incorporates
the cost of GHG emissions into the dispatch decisions. Future research should attempt to obtain
analytical results to assess the generality of these conclusions or investigate other assumptions
and systems.

As another analysis of system emissions, the methods can be compared against the No-
GHG case. Table 4-10 shows the percent increase of each simulation’s emissions compared to
the No-GHG method by region and in total. A positive value represents an increase, while a
negative value shows a decrease. The single pass is only slightly lower in total emissions, while
the social cost of carbon method shows a 7% decrease. The region-by-region percentages show
that while some areas reduce emissions, in all cases, California increases emissions compared to
the No-GHG case. This demonstrates the value of the EIM; although California plants might
output more, the region will benefit from any carbon pricing method. This is also atypical as to
what might be expected in general with emissions caps, in which emissions in the regulated
region would be expected to decrease, with leakage increasing emissions outside (as, e.g., in
RGGI, see [31]). The reason is that, first, imports into California are already at their upper
bound. Second, California is much cleaner than one of its neighboring regions (the Southwest),

so a regulatory system that motivates reductions in emissions in imported power might shift

3 The theory of second best states that if the optimal solution cannot be attained due to a
constraint, then the next-best optimal solution can only be gained by deviating from that solution
(all Paretian conditions) [241].
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production from a dirty region (the Southwest) to a clean region (California). The capped

imports can be seen in Table 4-4, where the imports (or net exports) from the No-GHG case are

higher than all other method’s net exports.

Table 4-10 Change in CO; emissions due to regulation (percent increase from No-GHG case)

. Two-Pass Tax .
No-GHG Single . ) Social Cost
Pass First P Second P Effective Ineffective | of Carbon
st Pass Seco ass (<20) (>20)
CA - 0.48% 23.87% 10.39% 8.51% 23.87% 6.88%
NW _ 0% -23.71% 0% 0% -23.71% 0%
SW - -0.50% -28.39% -13.55% -10.58% -28.39% -17.46%
Total _ -0.15% -6.81% -3.79% -3.02% -6.81% -7.04%

4.4.2.d Prices and Profits

Energy prices for each model are shown in Table 4-11, as are COz prices. In general, the
energy price at a location is the increase in the objective function (total cost), resulting from a 1
MW increase in demand at that location. Without congestion, all prices would be the same
throughout the network. The single-pass, effective tax, and social cost of carbon models do not
have any congestion, whereas all others have one line at its maximum capacity. The prices for
uncongested models shown in Table 4-11 are the same for regions outside of California, but

prices in California reflect GHG costs.

Table 4-11 Energy prices per node and carbon price (§ / MWh)

N GHG Sinel Two-Pass Tax Social
GI-(I)E} only in Il)ng € First Second Effective Ineffective| Cost of
CA 455 | pags Pass (<20) (>20) Carbon
CA | 3335 | 3800 | 3800 | 16.90 38.00 38.00 38.00 38.00
NW | 2547 | 2780 | 17.60 | 16.20 17.06 17.60 16.20 38.00
SW | 17.60 | 17.60 | 17.60 | 17.60 17.60 17.60 17.60 38.00
S92l N/A | N/A | 204 0 20.67 204 21.10 N/A

The energy price calculation for the GHG models is different from the No-GHG and social

cost of carbon methods, since it includes the cost of greenhouse gas emissions inside California
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but not outside. The calculation for each price is shown in Section 4.3, under each model’s
respective sub-section. To summarize, the second-best methods use the dual variable of either
the GHG allocation constraint or the tax constraint as an adder to determine prices in California.
Prices outside of California are calculated without the GHG adder. Similar to the price
calculation method described by CAISO [148], incorporating the GHG price adder incorporates
the GHG cost into California prices and excludes it from prices in the rest of the West.
California residents will pay for the GHG costs, while residents in the unregulated states will not.
For the single- and two-pass models, the COz price is the dual variable of the GHG allocation
constraint in (4-9) and (4-15). For the tax model, it is the dual variable of the California flow
constraint in (4-20).

The results can be summarized as follows. The energy price for the social cost of carbon is
reflective of Gen 1’s fuel and GHG cost, which is marginal throughout the uncongested
network. The single-pass is also uncongested, but the price outside California is lower because it
does not include the GHG dual variable, which is 20.4 $/MWh. This vatiable, the CO price for
both the single-pass and tax, is the difference between the marginal and GHG cost of Gen 1
($38/MWh) and the marginal cost of Gen 7 ($17.60). Compated to the No-GHG model, these
two generators increase and dectrease output respectively. The two-pass method produces some
congestion, but still shows similar pricing compared to the single-pass method. The first pass of
the two-pass method is not used for settlements, but is shown as a reference without the GHG
constraint dual adder.

The prices resulting from the effective tax method are the same as the single-pass method,
and almost the same as the two-pass method. The dual variable on the import/export constraint
in the tax method (constraint (4-26)) has the same value as the GHG export constraint in the
single pass method (constraint (4-9)), 20.4 $/MWh. This is also the value at which the tax

changes from effective to ineffective. This value must be included in pricing for the tax method,
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else the prices will not be supporting, meaning the price will be too low to incentive the
generator to produce (the generator would operate at a loss).

Profits for each generator based on the prices in Table 4-11 are shown in Table 4-12 and
Table 4-13. The profits in Table 4-12 are calculated assuming that allowances are allocated for
free to the generators, i.e., the costs exclude the GHG costs. On the other hand, if California
generators are required to purchase allowances, the profits would be those found in Table 4-13,
where GHG costs are included. If all generators in the West are required to purchase allowances,
profits would be negative in the Northwest and Southwest. Prices outside California do not
include the GHG adder, which would mean prices are not supporting outside California.
Generators in the Northwest and Southwest would require another means of cost recovery if
required to purchase allowances, or pricing would need to be adjusted.

For this example, profits are highest in the social cost of carbon model, since the price of
power on average goes up by more than the average emissions rate times the social cost. Other
systems might have different results, for instance if the marginal generators are clean generators
and the dirty generators are at capacity, so that the average emissions rate is greater than the
marginal emissions rate. Taxing emissions might increase or decrease profits, depending on the
average emissions rate and the marginal emissions rate [182], [183]. The GHG only in CA and
No-GHG models have the next highest profits under both purchased and free allowances, due
to congestion in the network leading to higher profits in the Northwest. Because all generators in
the Northwest are at maximum capacity, delivering an additional MW to the Northwest requires
increased 0.5 MW increased output from generators in both California and the Southwest.

The single-pass and effective tax methods produce the same prices in all locations because
there is no congestion. If allowances are purchased (Table 4-13), the total profits are the same.
Gen 1 and Gen 7 are dispatched to different quantities in the simulation, but both are marginal
generators and do not make a profit (the price is equal to their marginal costs). However, if

allowances are allocated for free (Table 4-12), the change of dispatch level between the two
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methods returns higher profits for the effective tax case compared to the single-pass. Without
the ability to sell power to California, the ineffective tax produces the lowest profits when
allowances are purchased. In that case, Gen 5 is marginal in the Northwest, where in the other
methods it is producing at full capacity.

Profits are understandably impacted by whether or not the allowances are allocated to each
generator for free or are purchased. If the generators are purchased, profits are reduced
significantly in this example. The last row of Table 4-13 shows the decrease in profits for
California generators when they are required to pay for allowances. The marginal generator
breaks even in this case, and because the other generators are at maximum capacity, they
produce the same profits for each model. If the allowances are allocated for free, and prices still
include the GHG adder, all generators will make additional profits. Rather than pay the
generators the additional cost of allowances, a system operator might choose to return the
surplus to California consumers who are paying a higher price for electricity. Alternatively, the
state can choose to use this surplus for carbon reduction activities. The means of income

distribution is necessary area for further research.

Table 4-12 Profits per generator assuming GHG are allocated for free (§)

GHG . Two-Pass Tax Social
No- vi Single C £
Resion GHG oncyl;ln Pass First Second | Effective Ineffective COS]; o
€glo Pass Pass | (<20) (>20) arbon
Gen 1 CA 139 264 296 N/A 1041 887 2,366 759

Gen2 CA 1,378 | 2,308 | 2,308 | N/A 2308 2,308 2,308 2,308
Gen3 CA 3,038 | 5,130 | 5,130 | N/A 5130 5,130 5,130 5,130

Gen4 NW | 1,493 | 1,842 312 N/A 230 312 102 3,372
Gen5 NW | 1,855 | 2,320 280 N/A 171 280 0 4,360
Gen6 NW | 5095 | 5,560 | 3520 | N/A 3411 3,520 3,240 7,600
Gen7 SW 0 0 0 N/A 0 0 0 -
Gen8 SW 384 384 384 N/A 384 384 384 8,544
Gen9 SW - - - N/A - - - -
Gen 10 SW - - - N/A - - - 3,880
Total 13,379 | 17,808 | 12,230 | N/A 12,678 | 12,821 13,530 35,953
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Table 4-13 Profits per generator in California assuming allowances are purchased ($)

GHG Two-Pass Tax Social
Region onlyin | Single Pass | pjrst  Second | Effective Ineffective| COStof
CA Pass  Pass (<20) (>20) | Carbon
Gen 1 CA 0 0 N/A 0 0 0 0
Gen 2 CA 456 456 N/A 456 456 456 456
Gen 3 CA 540 540 N/A 540 540 540 540
Total including
profits from NW | 9,821 5,492 5,195 5,492 47722 28,752
and SW
Decrease in CA
Profits from 6,706 6,738 8,808 7,483 7,329 8,808 7,201
Table 4-12

4.4.2.e Carbon Leakage and Contract Shuffling

Other than the No-GHG method, each model changes the dispatch in an attempt to lower

emissions in the overall system, based on the incentives embodied in each model. The goal of

these methods is to reduce overall emissions, including the impact of leakage and contract

shuffling, meaning that low cost imports into California should not also increase emissions

elsewhere in the network. I consider two definitions of leakage here:

1) The traditional definition is the increase in emissions outside of the regulated region. This calculated

simply by comparing the rest of the West (ROW, the sum of Northwest and Southwest)
emissions under the regulated regime with a no-regulation (No-GHG) baseline. Leakage
can then be expressed as a fraction: (increase in nonregulated region
emissions)/(decrease in regulated region emissions). In much of the literature, this is the
common definition of carbon leakage [28]—[31], [172]. It is most relevant to cap-and-
trade systems that only apply to the regulated region and do not attempt to attribute
emissions to imports or regulate them (e.g., RGGI, Clean Air Act SO; Trading Program,
and European ETS). Leakage using this definition can occur if energy imports from the
non-regulated area to the regulated area increase and if the regulations provide no

incentive or ineffective incentives to limit measures in the non-regulated area.
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The alternative definition proposed in this chapter is most applicable when a regulatory system attempts
to quantify and regulate emissions associated with imports from non-regulated systems (as California
does). The alterative definition of leakage calculates the difference between (a) the
accounted for reduction of emissions (including emissions within the regulated region,
and emissions associated with imported power from the nonregulated region that are
subject to the regulatory system) relative to a baseline, and (b) the actual total reduction
of emissions in both the regulated region and the nonregulated region relative to the
actual reduction. If this difference is divided by (a), this is a percentage measure of
leakage. Definition (2) will be the same as (1) if the accounted for emissions in imports
into the regulated region equals the actual difference between emissions outside the
regulated region under the model in question, and those emissions if instead imports are
restricted to be zero. This is a measure of how accurate the accounted for reductions
under the regulatory scheme (including any that are associated with imports) are relative
to the actual reductions totaled across the regions. It is of interest when a regulatory
system, such as California’s, attempts to limit leakage and/or contract shuffling by
counting emissions associated with imports and assigning carbon costs to them (through

taxes or required purchases of emissions allowances).

Calculations based on the first definition of leakage, i.c., increase in emissions outside the

regulated region compared to decrease in emissions in the regulate region, are shown in Table
4-14. Given this definition, the example presented in this chapter has no leakage, or has reverse
leakage. Emissions in the Northwest and Southwest are highest in the No-GHG case, and lower
in all models that consider emissions. This is a surprising result, one that results from the specific
assumptions and input data used for the example. In particular, there is a constrained
transmission line between the Southwest and California, which does not allow additional imports
into California. While overall emissions decrease due to redispatch of existing resources,

emissions inside California increase. This type of result would not be typical in real-world
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systems, since there are more interconnections between two regions than shown here. Table 4-14
shows the emissions in the rest of the West decrease compared to the No-GHG case, and
California emissions increase. Thus, examining leakage using this definition does not produce a
meaningful result. Since the change in the rest of the West emissions is negative and it is divided
by a large increase of emissions in California, this definition of leakage yields a misleadingly

positive and large result.

Table 4-14 Calculation of leakage from definition (1) above (tons)

. Two-Pass Tax Social
No- Single . . .
First Second | Effective Ineffective | Cost of
GHG Pass
Pass Pass (<20) (>20) Carbon

Emissions in ROW 978.93 974.95 767.63  883.00 901.99 767.63 859.40
Change in ROW
emissions (AROW)
Emissions in CA 394.50 396.40 518.20  440.26 431.20 518.20 423.66
Change in CA
emissions (ACA)
Leakage Definition (1)
(-AROW/ACA)

N/A -3.9 -211.3 -95.9 -76.9 -211.3 -119.4

N/A 1.9 123.7 45.8 36.7 123.7 29.2

N/A 205% 171%  209% 210% 171% 409%

By using additional data from the simulation outcomes, we can calculate leakage using the
second definition. This calculation incorporates the regulation’s errors in accounting for
emissions in imports in cases where the cap-and-trade systems attempts to quantify and penalize
emissions associated with imports, as California attempts to do. The second method to calculate
leakage compares two elements, labeled (a) and (b) above.

Part (a) compares the accounted for reduction in emissions relative to an adjusted No-GHG
baseline. The baseline uses California emissions from the No-GHG case, and the difference
between the rest of the West emissions in the No-GHG case and the first pass. The baseline
examines the difference between the total emissions from the No-GHG case and emissions in
the rest of the West only due to their own needs (which is the definition of results from the first
pass). The baseline is then compared to each model’s specific emissions in California and the

emissions due to regulated import. The import is calculated differently depending on the model.
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For the single- and two-pass method, the imports are calculated with the greenhouse gas variable

introduced in Section 4.3.2, p5f'®, multiplied by the plant’s emissions rate. For the tax cases, a

similar value can be calculated. Using the lower bound of pj'®, shown in constraint (4-9),
imports can be calculated by taking the total imports (total supply less demand in the Northwest
and Southwest), and choosing pjf'¢ from the lowest cost greenhouse gas bids. The simple
method to calculate this value for the tax and social cost of carbon case is shown in (4-27)-(4-29).

The calculated results are shown in Table 4-15 as “GHG Emissions Imports as Accounted for

by Regulation (Regl),” and the total values for part (a) are shown as ARegl.

minz Z CgMopghe (4-27)

Vvt Vg€CA
> b —ZieCADi.“E“ = ) pghe Vg € CAt  (4-28)

gE&CA ggCA

pohe < GSY° Vg & CAt (4-29)

Part (b) is compares the change in total emissions from the No-GHG case to the model
specific emissions, called ATot. This value is the actual reduction in total emissions, whereas Part
(a) shows the reduction due to accounted for emissions. The values for each part are shown in
Table 4-15, based on the relationships below.

o ARegl = (Baseline) — (Accounted for Emissions)

= [(No-GHG CA)+((INo-GHG CA)—(First Pass ROW))|—[(Mode! CA)+Mode/ GHG imports)]
o ATot = (No-GHG Total) — (Model Total)
o Leakage = 1 — ATot/ARegl

Leakage using the second definition is shown in gray in Table 4-15. This definition of
leakage extends beyond most found in the literature to include the impacts accounting for
regulated emissions. As was evident from the leakage in Table 4-14, this case might not

demonstrate the traditional definition of leakage, but still shows the impact of shifting imports
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between generators inside and outside California. Leakage is zero when there are no imports into
California, seen in the first pass and the ineffective tax. The single pass has 98.5% leakage; there
is only 2.1 tons of actual emissions reduction (ATot), but almost 140 tons accounted for due to
regulation. Plants that would have been used to serve local demand are now being counted for
California demand, and other dirtier plans are filling the difference. A similar phenomenon
happens with the effective tax. Supply in California is being fulfilled by Southwest supply, but to
a lesser degree, resulting in 70.1% leakage. In comparison, the two-pass method increases low
emitting supply in California and reduces imports. The total emissions reduce more than the

accounted for emissions from regulation and the net result is a negative percentage for leakage.

Table 4-15 Alternate calculation of leakage (tons/hr)

No- Single Two-Pass Tax Social

GHG Pass First Second | Effective Ineffective gosl; of
Pass Pass | (<20) (>20) arbon

CA Emissions (CA) 39450 | 396.40 | 518.20 440.26 | 431.20 518.20 423.66
ROW Emissions (ROW) 978.93 | 97495 | 767.63 883.00 | 901.99 767.63 859.40
Total Emissions 13734 | 1371.4 | 1285.8 1323.3 1333.2 1285.8 1283.1
Actual Reduction in Toral | 2.1 876 502 | 402 87.6 90.4
(ATot)
GHG Emissions Imports as
Accounted for by Regulation | 1258 70.0 0.0 134.8 40.0 0.0 46.5
(Regl)
A GHG as Accounted for
Regulation (ARegl) N/A 139.40 87.60  30.78 134.60 87.60 135.64

[Baseline* — (CA+Regl)]
Leakage Definition (2)
[1-ATot/AReg]]

Change in imported emissions

N/A 98.5% 0.0%  -63.0% | 70.1% 0.0% 33.4%

compared to No-GHG N/A | 1188 | 1258 1123 | 1218 1258 1212
(Almport)
huffli

(Comieess) (it N/A | 100% | 117% 109% | 106%  117% 110%

[1-AROW/Almport]

*Baseline
= California Emissions from No-GHG+(ROW Emissions from No-GHG - First Pass ROW Emissions)
=1373.4-767.63 = 605.8

Similar to the calculations from [11], the total contract shuffling can be calculated using the
change in the rest of the West emissions and the apparent change in import emissions into

California. The change in ROW emissions is shown in Table 4-14, and the change in imports is
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shown in Table 4-15 as (Almport). The amount of contract shuffling is over 100% in all GHG
models. Since no additional power can be imported into California, all regulated emissions
decreases are due to shifting contracts among sources of imports from the rest of the West. In
this case, contract shuffling was utilized to reduce emissions. However, unlike the results in this
example, contract shuffling might not always work to the advantage of the regulated region,
especially if the contracts ate outside the market. For instance, if a generator not dispatched by
the ISO is able to sell to an unregulated state.

Leakage and contract shuffling are both complicated concepts, each with different
definitions in literature and few papers which attempt to quantify their impact. One or both can
result when neighboring regions have asymmetrical policies in place, both for carbon emissions
and other greenhouse gases. The effect of leakage will vary depending on the accounting method
used for imports. Neither leakage nor contract shuftling have necessarily negative impacts; if
overall emissions decrease, then shifting emitting plants from one regions to another has a net
benefit for the system. However, this does not account for local emissions or effects on
communities. While outside the scope of this chapter, it can be a criterion for method evaluation,

discussed briefly in Section 4.5.2.

4.4.3 Modified Network

Although emissions reduced using the GHG models in the previous example, emissions in
the rest of the West also decreased. This is an unusual result in the sense that trade is limited in
the No-GHG case, making results with and without GHG costs in California identical. This is
due to the restricted line flow between the Southwest and California. The total amount of
imports could not extend beyond the No-GHG case, which is why it did not change total
dispatch when including GHG costs for California plants. That case shows the impact of a
congested network and the benefits of an alternative definition of leakage. By modifying the

network and generator costs in California, a network can be examined in which leakage can
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occur through increases in imports, which is the more typical concern from environmental
groups (for instance, as articulated by the Sierra Club [184]). The original generator and network
information in Table 4-1 and Table 4-2 is modified with shaded text in Table 4-16 and Table
4-17. Here, generators in California have comparable marginal fuel costs to the rest of the West,
and higher emissions rates compared the previous example (now comparable to the Southwest).
This example simulates a situation in which a capped markets; units have emissions rates similar
to neighboring uncapped regions.

The same five models are simulated, and notably, there are now two distinct No-GHG
cases. Without any carbon price, the emissions in the entire region are high. With GHG prices
only in California, emissions dectrease overall, but increase in the rest of the West, resulting in

leakage by the first definition in the previous section.

Table 4-16 Generator characteristics

Location Marginal Cost  Capacity CO:z Rate GHG bid GHG cost
(8/MWh) MW)  (kg/MWh) (MW) ($/MWh)
Gen 1 CA 15.2 250 1429 - 24.3
Gen 2 CA 15.9 200 1342 - 22.82
Gen3 CA 16.0 450 929.4 - 15.8"
Gen 4 NW 15.52 150 500 150 8.5
Gen 5 NW 16.2 200 500 200 8.5
Gen 6 NW 0 200 0 180 0
Gen 7 SW 17.6 400 1216 400 20.67
Gen 8 SW 16.64 400 1249 400 21.23
Gen 9 SW 19.4 450 1171 450 19.91
Gen 10 SW 18.6 200 924 200 15.71

*These values are not used as GHG cost bids in simulations, rather are added to the marginal costs and
bid as energy costs. The tesulting California marginal cost bids total 39.5, 38.72, 31.80 $/MWh
respectively. Only the No-GHG case uses the marginal cost values from the table.

Table 4-17 Network characteristics

Line/Node CA NW SW
Max Capacity Load 890 MW 303 MW 684 MW
Line 1 255 MW PTDF +0.3333 —0.3333 0
Line 2 120 MW Values +0.3333 +0.6667 0
Line 3 350 MW —0.6667 —0.3333 0
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Using the same two definitions of leakage from Section 4.4.2.e, Table 4-18 compares the

amount of leakage in a system with larger transmission capacity, allowing increased imports into

California. The first definition of leakage is the change in emissions from the unregulated region

(ROW), which can be expressed as a ratio to the change of emissions within the regulated region

(CA). The comparisons are between the No-GHG case and all remaining models, including the

case with GHG prices in California alone. Calculations using the second leakage definition

(described in Section 4.4.2.¢) are shown in the last row of Table 4-18. As a reminder, leakage

using definition (2) is the difference between the actual reduction in the West’s emissions and the

reduction as accounted for by the regulation (including imports). Both leakage results are

highlighted in gray.

Table 4-18 Alternate calculation of leakage for modified system (tons/hr)

GHG . Two-Pass Tax Social
No- Ivi Single C £
GHG OnCi;m Pass First Second | Effective Ineffective COS];O
Pass Pass | (<26) (>26) arbon
Emissions in CA 10437 | 2648 | 592.5 | 1029.4 6865 | 2648  1029.4 4181
Change in CA
pange in N/A | -7789 | 4512 | 143 3572 | -7789 143 625.6
emissions (ACA)
Emissions in ROW 759 14528 | 1096.6 | 767.6 10069 | 14528  767.6 1196.2
hange in R
Change in ROW N/A 6938 | 3376 | 86 2479 | 693.8 8.6 4372
emissions (AROW)
Total Emissions 18027 | 1717.6 | 1689.1 | 1797 16934 | 1717.6 1797 1614.3
Change in Total
angein Lot N/A 851 | -113.6 | -57 -1093 | -85.1 5.7 -188.4
Emissions (ATot)
Leakage Definition (1)
N/A 89° 750 60% 699 899 60° 700
(-AROW/ACA) / Yo ) Yo Yo Yo Yo Yo
GHG Emissions
[mports as Accounted | ) 5523 | 1916 | 0 2587 | 3523 0 3452
for by Regulation
(Regl)
A GHG as Accounted
for Regulation (AReg) | N/A 218 251 57 899 218 5.7 271.8
[Baseline*—(CA+Regl)]
Lealoe Do (2
cakage Definition (2) | 1/ 61% 55% | 0%  22% | 61% 0% 31%

[1-ATot/AReg]

*Baseline

= California Emissions from No-GHG + (ROW Emissions

Emissions) = 1035
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This example shows a case where leakage occurs in the nonregulated region (ROW) due to
shifting emissions from California to the West. The new values for emissions in California create
more leakage that might occur in actual system operations. However, other regions in the
Eastern U.S. have higher emitting resources in-state and lower emitting resources out of state. In
this case, leakage might be a significant issue. Further analysis of this and other similar cases are

necessary to evaluate the impact of leakage between the different second-best or GHG models.

4.4.4 Sensitivity Analysis for the Carbon Price

In order to test the sensitivity of single-pass, two-pass, and social cost of carbon models,
different carbon prices were tested for all the models. The following tables show the results of
the models with carbon prices of $10/ton, $15/ton, and $20/ton. The base case, which resulted
in the previous section’s results, is $17/ton. The results for a price of $10/ton or $15/ton are the
same, and therefore only shown once. A $25/ton price was also tested, with the only change
being to the social cost of carbon model, therefore it is shown in the emissions tables as a
separate column. A positive value indicates an increase in costs and an increase in emissions.
Likewise, a negative value indicates a decrease in costs and decrease in emissions.

With a lower carbon price, total costs decrease for all models, although costs increase for the
Southwest. Even though costs are lower, the total emissions increase. This outcome follows
common logic, if carbon is not valued as highly, emissions will increase. The reverse is true when
the carbon price increases. With a price of $20/ton, prices increase and emissions decrease. At an
even higher price, $25/ton, only the social cost of carbon model shows a change dispatch. The
costs increase even higher, but the emissions decrease by just over 58 metric tons compared to
the $17/ton price.

The social cost of carbon method is the only model that changed when faced with a higher
carbon price, which confirms the dominance of the social cost of carbon method over the

second-best models. The single- and two-pass methods both respond to a lower cost per ton of
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carbon, but only the two-pass method reduces emissions when the cost increases. For this

example, this would suggest the two-pass method is better able to respond to a changing carbon

price, dominating the single-pass.

Table 4-19 Change in operating costs per node in $/ht, (CO2 = 10 or 15 $/ton) — (Base Case)

. Two-Pass Social Cost of
Single Pass Carb
First Pass Second Pass arbon
CA (124) - (2,998) (1,910)
NW - - - -
SW 58 - 1,520 885
Total (67) - (L,477) (1,020)

Table 4-20 Change in operating costs per node in $/ht, (CO2 = 20 $/ton) — (Base Case)

Social Cost of

) Two-Pass Social Cost of
Single Pass Carb Carbon
First Pass Second Pass arbon (25 $/ton)
CA - - 3,586 1,088 6,201
NW - - (763) - (1,088)
SW - - (832) (476) (1,597)
Total - - 1,991 611 3,515

Table 4-21 Change in emissions per node in kg/ht, (CO2 = 10 or 15 $/ton) — (Base Case)

. Two-Pass Social Cost of
Single Pass Carb
First Pass Second Pass atbon
CA (1,897) - (45,755) (29,157)
NW - - - -
SW 3,976 - 92,631 61,128
Total 2,080 - 46,876 31,972

Table 4-22 Change in emissions per node in kg/ht, (CO2 = 20 $/ton) — (Base Case)

Social Cost of

. Two-Pass Social Cost of
Single Pass Carbon Carbon
First Pass Second Pass arbo (25 $/ton)
CA - - 54,741 16,599 94,644
NW - - (23,560) - (33,590)
SW - - (57,470) (35,745) (119,904)
Total - - (26,289) (19,1406) (58,850)
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4.5 DISCUSSION

A region that values an externality more than its neighbors faces challenges when both
regions engage in a common market. This question has come to the forefront with the
implementation of California carbon emissions trading and concerns over carbon leakage. It can
generally arise between any two or more countries with different pollution trading or penalty
mechanisms. In the case examined in this chapter, California established a cap-and-trade system;
it values reducing carbon emissions from power plants and imported power. The rest of the
West has yet to implement a similar scheme, which has resulted in stakeholders being concerned
that expansion of power markets in the West will result in increased imports of coal-based power
to California and will weaken the effectiveness of California’s emissions limits [184], [185]. The
Western grid is well connected, and a real-time integrated market operates every 5 minutes with
many Western utilities and the CAISO. California is often dependent on surrounding states for
power, and similarly would prefer to export renewable power if it has excess. However,
exporting or importing power while effectively reducing emissions can be a challenge.

Although it is the first best option, the social cost of carbon method cannot be implemented
in the West given current state policies. Residents and legislators in neighboring regions would
need to opt to dispatch their own system based on greenhouse gas costs, and similatly pay for
the allowances (either generators would be required to pay for allowances or customers would be
required to pay a premium for electricity). Until neighboring states enact a greenhouse gas policy,
second best options must suffice. At present, British Columbia has a carbon policy [186], and
other Western states have proposed [187] or failed to pass [188] carbon legislation. However,
enacting legislation in some but not all neighboring regions will also complicate the dispatch of

the system, since each region would require its own constraints and variables.
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4.5.1 Results Summary

By imposing a carbon price (in the form of an allowance requirement) upon generation
within one jurisdiction that exists within a larger electricity market region, leakage and contract
shuffling can occur. In other words, the overall emissions reduction in the entire region may be
less than the apparent emissions reduction in the target jurisdiction. There are several existing
proposals to manage trade and leakage from centralized power dispatch, each with benefits and
downsides. Three main proposals are compared against simulations without an emissions price
(No-GHG) and with a system-wide emissions price (social cost of carbon) in Section 4.2.14.4.2.

A summary of results can be found in Table 4-23.

Table 4-23 Summary of key results

. Two-Pass Tax Social
No- Single b ]
GHG Pass First Second | Effective Ineffective Cosl: o
Pass Pass (<20) (>20) arbon
Total Operating
Costs ($/hr, other | $34,642 | $34677 | $36,983  $35472 | $35310  $36,983 | $35373
than CO» charges)
Total Bmissions | 44734 | 13714 | 12858 13233 | 13332 1285.8 1283.1
(tons/hr)

Total Social Cost

($/ht, including $57,990 | $57,989 | $58,843  $57,969 $57,973 $58,843 $57,184

socialized CO; costs)
Cost to CA

$29,682 | $33,820 - $33,820 $33,820 $33,820 $33,820
Consumers ($/ht)
Incremental Cost to
CA Consumers* N/A -2,069 - -83 -103 -47 -46
($/ton)
Incremental Total
Cost™* ($/ton) N/A -17.5 - -17 =117/ =27 -8.1
Leakage Definition
N/A 98.5% 0.0% -63.0% 70.1% 0.0% 33.4%

(2)rrk
*Incremental Cost to California Consumers = (ACA Cost/ATotal Emissions)

**Incremental Total Cost = (AOperating Cost with GHG Costs/ATotal Emissions)
**+] eakage Definition (2) = 1 — ATot/ARegl, defined in 4.4.2.¢ where Regl is the accounted for regulated

emissions

I hypothesized that the lowest cost and highest emissions solution would be the No-GHG
case, while the lowest emissions solution would be the social cost of carbon case. The remaining

three GHG proposals would then fall somewhere between the two extremes. The results
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confirm this hypothesis and show each of the three proposals increase costs beyond the No-
GHG simulation and also yield higher emissions than the social cost of catbon solution (in
which a single price is applied to all emissions throughout the West), as shown in rows 1 and 2 of
Table 4-23. The first best option, the social cost of carbon case, produces the lowest emissions,
but that does not imply it will also be the highest cost simulation. If carbon costs are considered
for all plants (assuming allowances must be purchased), the social cost of carbon case is actually
the lowest cost solution, seen in row 3, and its fuel costs are about the same as the ineffective tax
solutions. But if only California plants must purchase emissions allowances, then the social cost
of carbon model produces the highest cost solution. Whether or not these allowances are
purchased or provided will have a significant impact on generator profits, and should be
considered when analyzing model formulations.

The example in this chapter is based on California issues, but is not a direct representation
of the California system. The conclusions drawn are representative of one type of constrained
system, and not intended to directly suggest policy implications of AB32. The system shown in
this chapter is an extreme case examining how emissions can be accounted for when imports are
constrained. Although California imports are not generally constrained, it might apply to other
networks or future bottlenecks. Future work can assess different system states. For instance,
other simulations can include a case where imports are not constrained due to congestion, a case
with different load levels throughout the network, or different types of supply (such as renewable
energy). A case that will be of special interest to California would examine the impacts of the
duck curve, or the high penetration of solar energy midday that reduces net demand resulting in
a large ramp event in the eatly evening hours. Using a variety of systems states will allow for a
holistic assessment of impacts to both the regulated and unregulated system.

If a system operator prioritizes lowering operating costs, the simulations indicate the single-
pass method would be the best alternative. However, it is also the method that produces the

highest emissions (that includes carbon pricing); very little emissions reductions take place. The
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single-pass method also has the highest carbon leakage, 98.5%, since it does not encourage
emissions reductions in the network, even though the regulatory system’s account appears to
take credits for large reductions in imported carbon. The two-pass method is better able to
capture emissions associated with imports by simulating the market without California and
adjusting based on the first pass. The resulting second pass reduces emissions compared to the
single-pass while increasing costs, at an incremental cost per ton of about twice what can be
achieved by an efficient West-wide system (social cost of carbon method). It has negative
leakage, because there are more actual reductions than accounting reductions, i.c., California is
counting a reduction of 30 tons, whereas the total reduction was 50 tons. This might be
problematic when assessing the efficacy of the emissions reductions.

The tax model results in two separate cases, one in which the tax limits imports and one in
which the tax eliminates imports (does not allow trade between California and the West). The
effective tax (one that limits imports) results in total costs and emissions similar to the two-pass
method. Although not every network will show such similar results for the two models, the
similarities show the tax might be able to reduce system-wide emissions. The ineffective tax (one
that eliminates imports) stops all trade between the regions. Emissions are low due to low
emitting resources in California, but operating costs and consumer payments are high. Although
the magnitude will change, a tax that eliminates imports makes the West-wide market (EIM)
worthless.

The optimal tax for a particular system will be different depending on imports, and can vary
between neighboring systems. For instance, the tax on imports from the Northwest might be
different than a tax on imports from the Southwest because congestion results in generators in
both regions being on the margin (“basic”, in the terminology of optimization). If implementing
a tax model, the regulated region can assess if the taxes should be adjusted depending on
location. In theory, the tax could reflect the marginal emissions rate in the surrounding region,

which can differ due to congestion in the network. In the example in this chapter, the optimal
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rate was the difference between the marginal and greenhouse gas costs in California and the
marginal cost of the marginal resource outside of California. Optimal taxes will likely also need
to be reassessed and adjusted over time.

Turning to price impacts for the West-wide test case, prices are very similar, but the total
cost to California customers varies due to imports. The No-GHG case costs California
consumers the least, while the social cost of carbon model and ineffective tax cost the most.
Both the social cost of carbon and ineffective tax cost $38/MWh, which is the cost of the
marginal generator in California. Among the GHG models, the single-pass method costs the
least for California consumers, because California imports cheaper power from both the
Northwest and the Southwest. An effective hurdle rate or tax produces similar emissions and
costs compared to the two-pass method, and costs the California consumers the least slightly less
than the two-pass method. Consumers might prefer the tax to the two-pass; however, if the tax
is too high, consumers must pay for high cost in-state resources.

As discussed in Section 4.2.3, many in industry believe the two-pass method presents
incorrect incentives for generators. Due to the two passes, a generator might construct an offer
that avoids dispatch in the first pass but ensures dispatch in the second. This might encourage
dishonest bidding, which is not modeled in this chapter. Because this analysis assumes truthful
bidding, future work can examine the impact of dishonest bidding in each case; emissions and
costs might differ greatly if generators are inflating their bids. These concerns led the CAISO to
modify their proposal further, eliminating the two-pass method. While it will not be
implemented in a market, the two-pass solutions can lead to certain insights. For modeling
purposes, the first pass establishes base generation needed in each region, before trade occurs.
Identifying resources that increase or decrease output due to trade is difficult without a variable
identifying that information. However, this model may still be useful as a baseline for future
research that explicitly calculates resource shuffling, since the resources that respond to trade

change output.
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4.5.2 Policy Recommendations

None of the three second-best regulatory methods dominate the other in that none can both
lower costs and lower emissions more than any other method. This emphasizes the difficulty in
finding the second-best method for pricing carbon, assuming that the first best method of
implementing a social cost throughout the West is not politically feasible. The single-pass
method might not reduce emissions to the same extent as the other methods, but it is simple to
implement. Each resource bids its allowance cost, and one linear model is used. As discussed in
Section 4.2.3, the two-pass method identifies the carbon dispatch due to California, but might
have poor long-term impacts on bidding strategies. The tax reduces emissions, but is difficult to
determine. A tax that is too high will stop all trade while a lower tax has higher leakage compared
to the two-pass method. No one method is without fault, a point emphasized on a Feb. 220,
2018 CAISO stakeholder call?* In comparing the methods there is a conflict between
appropriate prices, low costs, and reducing emissions.

It should also be noted that the three methods plateaued in response to higher carbon prices,
i.e., the dispatch did not change as the price increased. Only the social cost of carbon method
continued to adjust dispatch in response to higher carbon prices. Although the carbon price has
been low in cap-and-trade auctions, allowance prices might continue to rise as renewable
penetration increases, as was implemented in British Columbia. In choosing a method, the
operator will need to prioritize characteristics of the method that are most important to
stakeholders. There might not be a single second-best, or a single dominant method that can
reduce carbon emissions cost-effectively subject to the constraint that California cannot impose a
tax or shadow price on all carbon emissions by power plants in other states.

In assessing different carbon methods, there are several criteria decisions makers can use to

determine which second-best method is best suited for their needs. A list of possible criteria is

34 Presentation available,
www.caiso.com/Documents/Agenda-Presentation-RegionalIntegration-
EIMGteenhouseGasCompliance-Feb22_2018.pdf
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given in Error! Reference source not found.. The first two criteria are the axes of Figure 4-2:
total operating costs and emissions. These are the criteria that indicate whether a policy is

efficient (has the lowest cost of achieving the target), the focus for most economists.

Table 4-24 Criteria that can be used to assess GHG models

Category Sub-categories

Opetating Costs Includ%ng only marginal costs
Including greenhouse gas costs (allowances)
Greenhouse gas emissions

Emissions Local air pollution

Leakage & contract shuffling

o i offici Changes in consumer and producer surplus
conomic efficienc .. ) ..
y Opportunities for gaming, exercising market power

What costs should be incorporated in prices

Prices . . .
Ensuring prices are supporting
Region/state viewed as green leader
Political impact Legal concerns (interstate commerce)
Environmental justice
_ Ease of implementation (administrative, legislative, software)
Logistics

Transparency

Operating costs must be assessed for all parties involved, in both the regulated region and
the unregulated region. However, the regulated region will also need to assess the social
outcome: if all regions include a greenhouse gas cost, will the total social cost also decrease?
Since the impact of carbon emissions is regional, total reduction in emissions can be more
important than a local reduction in emissions. While not directly related to carbon emissions,
local air pollution can be estimated along with greenhouse gas emissions. Increasing harm to
public health is likely to primary concern if power plants are located in populated areas.

Another aspect of emissions that is crucial to consider is how emissions are counted, both in
assessing leakage and contract shuffling [147]. California does not want to increase carbon
emissions in outside regions due to their own carbon regulations. Similarly, replacing slightly

cleaner imports with high emitting resources outside of the EIM would also counter carbon
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reduction goals. Assessing any new carbon model should calculate leakage using both the
traditional and proposed definitions.

The third type of criterion is distribution of benefits and costs. Any new model should ask
who wins and who loses (among the regions and between producers and consumers), calculating
gains or losses in consumer surplus and producer surplus [146], [189]. It should further analyze
the opportunities for gaming or strategic behavior, and any increased opportunities for a
participant to exercise market power. Related, a fourth category for assessment is pricing [143].
Each method must ensure that resulting prices are supporting for both regulated and unregulated
participants [27]. It must also determine how prices will be calculated. What part of the GHG
costs will be incorporated and who will pay for the additional costs?

The last two criteria are political impact and logistics. Neither necessarily produce
quantitative results, but are necessary for actual implementation. Whether or not a region
implements a cap-and-trade scheme or a carbon tax is highly dependent on the political will of
the legislators and voters [160], [190]. If a region would like to be seen as a green leader, or even
an independent state leader, implementing GHG models might be easier. There can be legal
challenges, such as concerns about the Commerce Clause of the US Constitution [191], or a push
for environmental justice. Logistically, ease of implementation is a primary concern. What are the
costs to campaign for the change, to educate participants and consumers, and to implement it in
software? Finally, it is more likely to take effect if the process and outcomes are transparent.

Trade and coordination are a challenging task for system operators, one made all the more
difficult due to renewable energy integration and emissions targets that are not coordinated
among sub-regions in an electricity market. This chapter modeled and simulated electricity and
emissions markets that directly incorporate emissions allowances and attempt to reduce carbon
leakage. Although no one method dominates the rest, the framework used and criteria discussed
can be applied to investigate new methods as they are proposed. The results from this simple

example show that the system state can have a significant impact on calculations of leakage. Any
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future comparisons of different proposed models will benefit from analysis of a range of
conditions within the network. Given interest in cap-and-trade schemes across the U.S., further

analyses will be necessary.
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CHAPTER 5
COORDINATION OF TRADE
BETWEEN BALANCING AREAS

5.1 INTRODUCTION

Managing the flow of electricity between adjacent electric grids is a challenging task for any
system operator. Difficulties can arise when determining rules for trade, ensuring each side see
benefits, and coalescing contradicting policies. These difficulties are inflated when renewable
energy and environmental concerns are involved. Wind and solar energy are prevalent in
different parts of the country, and not necessarily co-located with load centers. Trading that
power across regional boundaries can create problems for system operators, who aim to
maximize market surplus given local policies and rules on emissions reductions.

This chapter focuses on two aspects of trade and coordination between regions: trade
between time periods and trade considering externalities. Within a single market there are many
difficulties to modeling trade, difficulties that are exacerbated by the existence of multiple market
auctions in time. Markets in the U.S. operate a day-ahead market cleared on an houtly basis and a
real-time market cleared on a five and/or fifteen minute basis. As discussed in previous chapters,
electricity is sold in both day-ahead markets and real-time or balancing markets. Trade between
regions is not isolated to a single market, the mechanisms of each market impact overall market

efficiency.
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In order to accommodate the variability and uncertainty from renewable energy, many in the
literature have proposed changes to operations, including increasing the size of balancing areas
(BAs). Balancing areas are regions that balance their supply and demand independently; they can
be connected through intertie lines, but still operate their own set of resources. Larger areas will
see less variability compared to small balancing areas, making it advantageous to optimize over
one large area [9]. The trend toward making larger balancing areas will allow more efficient
utilization of resources (e.g., scheduling of reserves, unit commitment, etc.), decrease peak
generation requirements, and increase the minimum load level. However, there are trade-offs
that are made when network size increases. This chapter focuses on economic trade-offs, but
enlargement also involves computational challenges. Larger system sizes create bigger models
with more nodes and variables, which make incorporating additional complexities into system
operations difficult. Furthermore, as system size increases, it becomes more difficult to solve
scheduling models to optimality (larger duality gaps, etc. become necessary because of the model
size), so the putative efficiency improvements of enlarging balancing areas might not be realized.

Consolidating balancing areas will increase the number of variable resources and the extent
of the geographic area where the resources are located. While this might reduce the impact of
output variability, it might not significantly impact the effects of forecast uncertainty. Renewable
energy will produce uncertainty in the day-ahead forecast, which will increase as the penetration
of renewables grows. In order to assess the impacts of balancing area consolidation in the
presence of a high penetration of renewable energy, models for resource scheduling are created
and compared. By comparing market models from different time frames, it can become apparent
which types of coordination provide the greatest benefits and lowest costs. The questions of
coordination and consolidation are especially relevant in the Western U.S. today; there are
proposals for a regional operator [177], at the same time there are proposals for new balancing

areas [192].
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The second half of the chapter concentrates on balancing area coordination considering the
complicating factor of externalities, particularly, cases when each balancing area values an
externality asymmetrically. An externality is a cost or consequence that is incurred outside of the
market setting. Environmental externalities can be challenging to price. If they are local like
particulate matter pollution, the surrounding community is harmed. However, externalities like
carbon emissions from power plants do not stay local and are not necessarily created locally; they
impact the region and even global communities. If one balancing area aims to reduce its
consumption of carbon emissions, it must consider all imports, and not solely the power plants
in the target region. The challenge becomes ensuring imports do not also increase emissions,
especially if the exporting balancing area does not aim to reduce emissions to the same degree.

Similar to the first half of the chapter, the Western U.S. is an ideal case study. California has
implemented a cap-and-trade system for carbon emissions while also completely consolidating
the real-time market with surrounding balancing areas. These regions have not implemented a
carbon reduction scheme, but still want to sell to California customers. Several proposals for
coordinating the trade have been proposed, and each will be evaluated for its ability to reduce
carbon emissions, maximize market surplus, and price energy consistent with economic
incentives. The proposals are compared against a first-best and do-nothing model.

This chapter contributes to current literature through modeling of balancing area
coordination in time — between market auctions, and in space — through incorporation of
externalities. Simulations in the first half reveal that increased trade in one market does not mean
overall economic efficiency increases; all temporal interactions must be evaluated. Market models
in the second half judge proposals for incorporating carbon emissions, finding all have
downsides without any one dominating for both cost and emissions reduction. Both simulations
use hurdle rates to model trade, demonstrating their simplicity as a modeling tool and

disadvantage as a means to capture complexity.
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5.2 BACKGROUND AND LITERATURE REVIEW

Research on balancing areas, and more generally seams issues, is an ongoing and prevalent
topic in the power systems literature [193]. Although some issues are specific to particular areas
or regions, many issues span countries and markets. Much of the literature can be divided into
those that accept a means of coordination and simulate policies or assess costs, and those that
attempt to optimize coordination. This project chooses to accept the current coordination
mechanisms as given, and simulate different schemes.?> Literature on each topic shows the depth
of complexity that exists at the seams.

With increased integration of renewable energy, many in the literature have turned to
balancing area coordination. There are many types of coordination among regions, with two
extremes being complete consolidation and no trade or harmonization. The former refers to two
areas joining or merging together; in an electricity market context, it entails optimizing both
networks together in a single optimization problem. As an example, in 2013, Entergy joined the
Midcontinent ISO [194]. MISO was then tasked with the joint optimization of the Entergy utility
regions along with their existing footprint.

While there are many economic rationales for consolidation, renewable energy is increasingly
encouraging regions to consider the benefits of consolidation, or at least further coordination.
An early review paper on wind integration methods referenced balancing area coordination and
consolidation as being important to minimizing the cost of renewable integration [136]. They
suggest that increasing the size of balancing areas will help small systems balance variability, and
will lead to fewer hours when expensive peaking units are needed. The proposal did not specify

how areas should consolidate; however [195] emphasizes that consolidation does not need to

% The later area of literature considers the different modeling techniques to improve passing
information across seams. Seminal work in the area uses decomposition techniques proposed by
Kim and Baldick [242], [243] for solving large scale optimal power flow problems (OPF).
Additional work of interest can be found in [244] and [245], which focus on the type and amount
of information that must be passed between regions in order to determine a co-optimized

dispatch.
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solely come from physical consolidation, but also from what they call virtual consolidation,
meaning sub-houtly scheduling, preforming economic dispatch in larger regions, and dynamic
scheduling. In discussing the key drivers for large-scale wind integration, [196] also argues for
better inter-regional coordination, which includes ancillary service markets, imbalance
settlements and capacity calculations. An NREL report on the Western Interconnection showed
that when balancing areas are aggregated, both the average and the maximum ramping needed
are significantly less than each area individually [88]. Kirby and Milligan have written a series of
papers concerning balancing areas as it relates to wind integration: analyzing ramping capability
in regions with high penetration [197], utilizing sub-houtly markets to ease integration [198],
and analysis of results in a 2008 NREL report [199]. Although the conclusions are insightful,
these studies differ in methodology from this project, as they do not perform a rigorous power
flow analysis of the consequences.

The literature specific to the European network is extensive, largely due to the continual
integration of the European day-ahead market. An examination of centralized market clearing for
coordinating power exchanges and pools in Europe can be found in [200], [201] and [202]. The
authors in [203] describe problems that arise when using an LMP through simple market
coupling examples, such as price ranges and single prices in networks without congestion. An
additional detailed discussion of the European market coupling and modeling, especially
considering the cooperation of the transmission system operator, can be found in [204]. The
impacts of renewable variability across Europe are analyzed in [205], where the impacts of
increasing transmission infrastructure vary depending on the penetration of renewables. The
research on integration in Europe is often specific to a set of countries; for example, studies on
coordination studies have been done for Northern Europe [113] and the Nethetlands/Belgium
[206]. Although their study is based in Europe, the authors in [207] propose a generalized day-
ahead and real-time coordination model to analyze the interactions between regions, solved as

stochastic mixed complementarity problem.

169



While the comparisons are similar to those proposed in this project, the solution method
and analysis differ. Both compare two-period two-zone models, and this project further extends
that analysis to include impacts of renewable policies in each region and uses modeling that is
not just theoretical, but could currently be implemented by a system operator. This project
differs from general balancing literature because it uses a power flow market model to assess the
impacts of coordination. It also contrasts from much of the Furopean literature because it
explores the impacts of renewable policies and specific U.S. inter-regional barriers. There is a
distinct difference between European market design and markets run by regional transmission
operations in the U.S.; rigorous analysis has not been previously performed considering

characteristics of a U.S. market, such as nodal pricing and real-time coordination of markets.

5.3 BENEFITS OF SPATIAL AND TEMPORAL COORDINATION

Combining balancing areas will increase the number of variable resources and the geographic
area where the resources are located. While the resulting diversity of sources and loads might
reduce the impact of output variability, it does not necessarily reduce the economic costs of
forecast uncertainty. Day-ahead forecasts of renewable energy are uncertain, and this uncertainty
will increase as the penetration of renewables grows [208]. This section assesses costs and prices
for different levels of coordination between adjacent balancing areas, and also considers the
influence of variable renewables and flexible resources on system costs. In particular, the
question addressed here is:

What are the economic and reliability-related benefits and costs of alternative

approaches to coupling neighboring balancing areas, ranging from complete merger to

partial coordination of electricity markets?

Three different levels of coordination are compared for both day-ahead and real-time
markets, which are the two most common types of power markets. Most coupling proposals

address one or the other those market types. Complete consolidation and minimal coordination
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are compared against the use of a hurdle rate to control trade between the regions. This
comparison on a test (hypothetical) system will reveal the drawbacks, both economic and
reliability-related, of each coordination type, and act as a basis for further comparisons of
renewable policies. The two models used for the day-ahead and real-time market are described
below.

The unit commitment (UC) model commits and schedules all generation resources for each
hour in the following day and is sometimes used to model several weeks of commitments.
Generator constraints are included in the UC model to allow for the binary on/off commitment
decisions. Each generator submits a two-part or three-part bid, where one part is the marginal
cost of operating the generator and the other two are fixed costs, such as the expense of starting
up and maintaining minimum load. Variable resources submit estimated production output, and
system operators often input additional forecasts to reduce uncertainty. After the UC is run, the
system operator will announce the committed generators and the resulting prices. The
mathematical formulation for the day-ahead model is a typical unit commitment model with
generator characteristics and network constraints, the formulation is in Section 5.4.2.a.

The real-time (RT) or dispatch model (called a balancing model in the European context)
dispatches generators for the following 5-minute petiod up to several hours. Depending on the
type of resources available, the model can commit fast-start units and dispatch resources such as
demand response and energy storage. Units that have been previously committed can be
dispatched up or down, and their cost functions now only reflect the marginal cost of delivering
power without the fixed cost components. Variable resources can submit updated forecasts, as
the market is closer to real-time; although day-ahead forecast errors will be higher, real-time
forecasting errors exist as well. Like the day-ahead market, the simulation also outputs a
commitment schedule, dispatch level, and set of prices for each node. The mathematical
formulation for the real-time market makes modifications to the day-ahead market, and similarly

does not contribute to literature or understanding of coordination research; the model can be
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found in Section 5.4.2.b. The following section describes additions made to the two-market

models in order to simulate coordination.

5.4 DAY-AHEAD AND REAL-TIME MARKETS

5.4.1 Description

In order to analyze the economic impact of coordination between markets, three different
simulations are proposed for each time scale (day-ahead commitment and real-time
dispatch/short-start commitment) involving varying degrees of cooperation: complete
coordination (consolidation), trade with hurdle rates, and minimal coordination (described in
detail below). Each of these three types can be implemented in either the day-ahead or real-time
markets, giving combinations of simulations, as seen in Table 5-1, which also gives actual
examples of some of the combinations. The simulations involve both the day-ahead and real-
time markets, simulating how day-ahead decisions constrain real-time decisions, creating nine
models in total, one for each possible combination.

For U.S. markets, the simulation diverges from actual operation in several ways. First, there
is a simple reserve requirement constraint rather than a side ancillary services market with
multiple products (spinning reserves, non-spinning reserves, regulation up and down, and/or
flexible ramping product). Second, there are no virtual bidders in either market, which can
provide day-ahead/real-time arbitrage; as a result, expected day-ahead can diverge from real-time
prices, which can lower market efficiency [209], [210]. Therefore, it is possible that some of the
inefficiencies that are found with certain combinations might be at least partially mitigated by

virtual bidding.
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Table 5-1 Coordination between select markets in the U.S. and Europe

Real-Time
Minimal coordination Hurdle Rate Full Integration

Minimal ERCOT & Rest of U.S.
- coordination
s
g Hurdle Rate Most of Western US., 1 p o 04l authorities CAISO EIM
é EU non-market splitting
2 EU market _ .
A Full Integration splitting/coupling Notdpool Consolidation, Single

(EUPHEMIA) RTO

These degrees of coordination mimic existing markets, which are contained in the boxes of
Table 5-1. For instance, the California Independent System Operator has a fully integrated real-
time market with many of its neighbors, called the Energy Imbalance Market (EIM). However,
the day-ahead markets of these balancing authorities are not presently integrated and rely on
rules and bilateral contracts to coordinate trade; therefore, it falls into the hurdle rate day-ahead /
full integration real-time box. In Europe, markets are coupled in day-ahead, with a central market
mechanism called EUPHEMIA [211]. In real-time, each transmission system operator balances
their own region independently, which puts them in the full-integration day-ahead / minimal
coordination real-time box. Some of the models are not necessarily practiced; for instance, if two
markets have minimal coordination in the day-ahead market, it might be impractical to then fully
integrate in real-time. This list in Table 5-1 not exhaustive but provides some real-world
relevance to the simulations since most markets trade to some degree with their neighbors
and/or use bilateral contracts, at least day-ahead.

The models can be simulated for any number of regions or countries. Many regions,
especially in Europe, must balance interactions with many neighbors. In the U.S,, there are often
pairs of regions interacting due to the size of markets. New England-ISO shares a U.S. border
with only New York ISO; California shares many state borders, but they are the only organized

auction market (at present) in the Western U.S. This chapter chooses to model only two regions
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so that the outcomes and benefits can be easily distinguished. The following subsection describes

the mathematical formulations for a basic unit commitment and real-time market model.

5.4.2 Mathematical Formulations
5.4.2.a Basic Day-Ahead Unit Commitment Market Model

Equations (5-1)—(5-22) are considered the basic day-ahead unit commitment model for this
project and will be used as the base model for the various comparisons. The basic formulation is
based on [212], [213], with minimum up time constraints and ramping constraints from [214].
The objective of the model is to minimize operating costs, which consist of fixed costs for
startup and no-load conditions, as well as the marginal cost for the power dispatched. In this
basic UC model, a simple objective is used; however, more complex formulations can be used
depending on the cost function of the generators. Constraints (5-2)—(5-4) limit the power
capacity, line generation limits, and voltage angle limits respectively. The dc power balance
equation is shown in (5-5), which is a linear approximation of the ac real power flow equation.
The origin and destination nodes are represented by » and # respectively.’¢ Constraints (5-6) and
(5-7) define the startup and commitment status of the generator, where the variable » can either
be 1 (startup occurs in that interval) or 0 (otherwise). The ramping capability of the generators is
defined in (5-8) and (5-9), where (5-8) limits ramping up and (5-9) limits ramping down.
Constraints (5-10) and (5-11) define the minimum up and down times for the generators during

the 24 hour commitment period.

3% The real power transferred on line £ from bus » to bus # is
P, = V2Gy + V2Gy — Vo Vi (G cos(6,, — 0,,) + By sin(6,, — 6,,)). For the linearized expression
(dc power flow), we assume voltage magnitudes are close to one per unit, the shunt conductance
is negligible, the susceptance is defined as By = —1/X;, and the voltage angle difference on the
line between the buses is small so that sin(6,, — 6,,) = 8,, — 6, and cos(6,, — 6,) = 1. The real
power equation can then be reduced to Py = Gy — Gy — By (0, — 6,) = By (6, — 6,,). Many
textbooks provide some explanation of the dc power flow, I find the book appendix chapter by
Seifi and Sepasian to be the most similar to the notation I prefer [246].
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Similar to the dispatch model, the wind injection can be curtailed in the node balance
constraint (5-12), and is limited by the day-ahead forecast in (5-13). Demand can also be shed at
a high cost, shown in (5-14), often called the value of lost load (VOLL). The reserve capacity of
each generator in the system is shown in (5-15) and (5-106) for spinning reserve, and (5-17) for
non-spinning reserve. Constraints (5-18)—(5-19) define the reserve requirements for spinning and
non-spinning reserves. The first requirement is based on the NREL 3+5 rule, where 3% of
demand and 5% of variable generation is required. The two percentages are represented by «
and B, which can be adjusted as necessary depending on the system size, penetration, and risk
aversion. The second requirement states there must be enough reserve to withstand the loss of
the single largest generator A small percentage of wind is also included in these constraints to
ensure enough reserve is available in case of a wind contingency. Spinning requirements must
account for half of each rule (5-18) and (5-20), while spinning and non-spinning together
account for the full reserve requirement (5-19) and (5-21). Finally, the commitment variable
defining the status of a generator is restricted to be a binary variable in (5-22). The variable and

parameter definitions can be found in the Notation section at the beginning of the dissertation.

minz Z(cgpg_t + 50y, + clug,) + z VOLL(d;,) (5-1)
vi

vt Vg
Subject to
Pge = Ug ™, YV g,t (5-2)
FPin < £, < FMX, vkt (>-3)
=0T < Oigoe — Gjge < O, Vit (5-4)
fiet = Be(Bngot = Omaoe), Y kot (5-5)
Vg 2 Uge —Uge—1, V G, ¢ (5-6)
0 S Vg't S 1; Vg; t (5'7>
Dot — Pgr-1 < Ryugra + R (vg,), Vg, t > 1 (5-8)
Pgt-1 — Pg < Rgug.t + RSD(l - ug‘t)’ vgt>1 (5'9>
t uT
Zr:t—r}qnﬂ Vgr S Uges VG, 0 2T (5-10)
l'+‘L'ET < 1 v <IT DT
YpoiVar 1y, Vgt <ITl - 174 (>-11)
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0w < Wy, Vit (5-13)
0<d;, <DM™, Vit (5-14)
Tot < Ug PP =Py Vgt (5-15)
ot < RP%ug,, Vgt (5-16)
oY < RP(1—wuy,), Vgt (5-17)
SvoTat = S[a Bvidie + B X Wie] vt (5-18)
Svg(Tat + 15" ) = aTyidie +BNwiWie, Vt (5-19)
SvgrTore = 2 [Pge + 755 + B ZviWie], Vot (5-20)
Svg(Tore + 1t ) = Pge + Tor + B Xvi Wi, Vgt (5-21)
uge €10,1) (5-22)

5.4.2.b Basic Real-Time Market Model

Equations (3.0)-(3.11) are a basic economic dispatch model or an imbalance model. This
program is used for real-time simulations and fixes the commitments of the slow generators
from the day-ahead model (ug,). The fast generators are not fixed, and allowed to turn on during
the day, for example, 15 minutes ahead of being dispatched. The objective of the model
minimizes dispatch costs, which consist of the product of the linear cost and the power
dispatched. Constraints (3.1)-(3.3) limit the power capacity, line generation limits, and voltage
angle limits respectively. The dc power balance equation is shown in (3.4), which is a linear
approximation of the ac real power flow equation. Constraints (3.1)-(3.4) are the same as (1.1)-
(1.4) in the UC model. The ramping capability of the generators is defined in (3.5). Since the
commitment of the slow generators is fixed, (3.6) specifies that the commitment variable cannot
vary from the fixed schedule. The wind generation is deterministic, since the model mimics real-

time; however, wind curtailment is allowed. The node balance constraint is in (3.8). Constraints

(3.9) and (3.10) limit the wind injected into the system, w™ and the demand between zero and

lt’
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their respective maximums, forecast and load. Finally, the commitment status variable is

constrained between 1 and 0 in (3.11); this will only affect the fast generators.

minz Z CgPgr + Z ctug, + Z VOLL(d;,)
Vi

vt Vg vgeraSt
Subject to

Ug e P < Py S ug R,V gt

FPin < fi o < FMaX vk, t

o™ < Oitoy,e — Ojy,e < 0™, Vit

fier = Bi(Bngore — Omaye)s VKot
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uge =W, Vg E Gt
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5.5 SIMULATIONS OF COORDINATED MARKETS

5.5.1 Simulation 1: Consolidation

(5-23)

(5-24)
(5-25)
(5-26)
(5-27)
(5-28)
(5-29)
(5-30)
(5-31)
(5-32)

(5-33)

As an ideal benchmark for efficiency, the first simulation treats the two systems as one

single balancing area, which would apply to both types of markets. This would occur if two

adjacent regions combined balancing needs for all generation and load, and decided to schedule

resources together in either the day-ahead or real-time. The Energy Imbalance Market, which

includes the California ISO and several neighboring utilities, is such an example for the real-time

market. The model would consist of the objective and constraints in the Appendix (0, equation

numbers below refer to the equations in that appendix). The generator set would include

generation from both areas as a single input and all intertie lines would allow power to flow
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following Kirchhoff’s laws and the transmission line limit. The output of the model would show
the schedule and operating cost for a single deterministic balancing area.

The below outlines in schematic form the two versions of this model

Consolidation Model

Day-ahead version Real-time version
Objective  (5-1) Objective  (5-23)
Constraints (5-2)-(5-22) Constraints (5-24)-(5-33)

5.5.2 Simulation 2: Minimal Coordination

The second simulation models a case where the two areas are solved with minimal
coordination. Although the worst case scenario would likely result from solving the two areas as
completely independent (i.c., open breakers on the intertie lines), that is not realistic for the
present power system. The minimal coordination case likely the best case without direct trade,
since there is some cooperation between where flows occur. The network modeling assumed ac
linkages, therefore coordination within one of the three interconnections in the U.S.37 Although
dc linkages could be modeled, the use of dc lines can be directed, and would require different
assumptions about contracts within the region.

The model is similar to the basic UC with the addition of a constraint and a change to the
reserve. The additional constraint, (5-34), limits the sum of the flows on the intertie lines to be
zero; this same constraint is added to the real-time model (notation can be found at the

beginning of the dissertation in a section called Notation). Power can flow between the two

37 The U.S. is divided into three major interconnections, meaning all power operates at the same
frequency within the region [247]. The Western Interconnection reaches from Canada to Mexico,
from the Pacific Ocean to the Rocky Mountains. The Eastern Interconnection is comprised of
many sub-regions for reliability, also extending into Canada and from the Atlantic Ocean to the
Rockies. Finally much of Texas is electrically isolated, with a single market and balancing
authority called ERCOT.
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systems on individual lines, but the net across all lines for each hour must sum to zero. Any
flows due to previous transactions would also necessarily sum to zero, leaving a zero net
imbalance. The reserve requirements for this system are determined for each area individually.
Instead of a system wide requirement, the amount of additional contingency reserve is
determined with requirement by area. The requirement itself does not change, but the generators

available to meet the requirement are limited by area, as was examined in Section 3.3.2.d.

frer =0, vt (5-34)

vkek!T

Minimal Coordination Model

Day-ahead version Real-time version
Objective  (5-1) Objective  (5-23)
Constraints (5-2)-(5-22),(5-34) Constraints (5-24)-(5-33),(5-34)

5.5.3 Simulation 3: Trade with Hurdle Rates
5.5.3.a Factors that Lead to the Use of Hurdle Rates

In reality, there are many types and degrees of coordination beyond consolidation and the
minimal coordination model. Inter-region coordination can occur between individual parties or
through the system operator (a market operator or a utility). Individual participants in a balancing
area can create bilateral contracts with one another to hedge the risk of day-ahead and real-time
price spikes. These contracts are private information, and usually extend for long terms. For
example, a solar farm in Nevada can sell its output to a city in California for the first ten years
after it is commissioned; agreements like this are known as Power Purchase Agreements, and can
help finance renewable projects. On the demand side, a utility that wants to ensure customers
have a stable price might sign a bilateral contract with a supplier who then bears the risk of price

volatility and provides power through a mix of its own output and purchases from the spot and
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bilateral bulk markets. These contracts tend to make up a large part of the energy market; in
2016, the PJM market was composed of 12.9% bilateral contracts [215].

From the system operator perspective, there are several opportunities for coordination with
neighboring regions. As a means of partial consolidation, operators can establish transfers
through dynamic scheduling or pseudo-tie lines [216]. When a resource is physically located
outside of a balancing area, it can serve load in that balancing area by using a dynamic schedule.
The dynamic schedule depends on communication and metering between the areas to account
for changes in energy. If no physical ties exist between the resource and the balancing area, a
pseudo-tie line can be used to transport energy. It relies on adjusting controls between the two
areas, called Area Control Error (ACE), called Area Control Error (ACE), to account for
changing energy use. The resource is used as if it was part of the target balancing area; in this
way, a wind farm in Montana to be dispatched to serve California load as if it were a California
resource.

Both bilateral contracts and operator actions can cause issues because they rely on
availability of inter-tie capacity. Each has a means of reserving and paying for transmission across
the network, but the use of these different products can cause complications when modeling. To
case the strain of modeling many types of products and reservations on lines, hurdle rates can be

used as a proxy.

5.5.3.b Defining Hurdle Rates

Modeling trade between neighbors can be difficult for both technical and political reasons.
The model must make assumptions about how much information is shared between the two
areas and the depth of detail. Realistic modeling might take many iterations to determine an
appropriate hurdle rate, which can be time intensive for an operational market. Each BA can also
have its own set of rules, making a generic model nearly impossible. Due to the many
complexities that arise between regions, most models choose to model inter-regional trade with a

hurdle rate [217]. A hurdle rate is a simple price per megawatt that is placed on the intertie line(s)
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from one region to another. The price is determined exogenously, which can act as “resistance”
to flow on the line; it represents the minimum price difference that will cause power to flow on
the line or a minimum benefit for a transaction to take place.

A hurdle rate can be simply modeled with an addition to the objective and constraint (5-37),
where SAB and SB2 are the net flow on the intertie lines in one direction, and H; is the hurdle
rate. The initial simulations used a $3/MWh hurdle rate, which is in the range of hurdle rates
used in power flow simulations of the West [170], [218] (which can range from $0.53/MWh to

$14/MWh). The same constraint flow constraint in (5-37) is added to the real-time model.

minz Z(chg,t +¢5%vg, + cplug,) + Z VOLL(d;,) + Z H,(s2B + sBA) (5-35)
vt Vg Vi keIT
minz Z CgPgt + Z colug . + Z VOLL(d;,) + z H,(sAB + sBA) (5-306)
ve v vgeG/ast vi keIT
T Z e (5-37)
vkekIT

Hurdle Rate Model
day-ahead objective  (5-35) real-time objective  (5-36)

day-ahead constraints (5-2)-(5-22), (5-37) real-time constraints (5-24)-(5-33), (5-37)

5.6 RESULTS

A basic unit commitment model was created using AIMMS modeling software, version 3.13.
The model is a deterministic model with two balancing areas, and a total of 73 buses. The input
electrical system for the network is adapted from the three-zone Reliability Test System 1996
from [219], shown in Figure 5-1. The wind input data is developed from historical wind speed

data from NREL wind site 3776 in California [220]. The bus, generator, and load data are in the
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Appendix. A total of nine simulations were run, including all combinations described in Table

5-1.

Figure 5-1 IEEE RTS 96 test case

The total cost of the IEEE Test System can be found in Table 5-2. The hurdle rate and full
integration models (lower 2x2 quadrant) were almost the same, resulting in costs within the MIP
gap. The cases where each market was not coordinated in the day-ahead but was coordinated in
real-time (first row) resulted in higher costs, the highest being when real-time was also not
coordinated. The worst cases of the nine resulted when there was minimal coordination in real-
time, but some coordination in the day-ahead market (either a hurdle rate or consolidation).
These cases resulted in a large amount of load shedding, leading to a considerable amount of lost
load costs in the objective. Note that these cases would have been infeasible without including
load shedding as a variable.

A similar result occurs when we look at average prices over the 24-hour time period from
the day-ahead and real-time markets in Table 5-3. The hurdle rate and integration cases, in any
combination, result in the same averages over the course of the day for each of the markets.
Similarly, when there is minimal coordination in the day-ahead market and any amount in real-
time, the average prices remain the same for each of the markets. The significant difference

occurs when there is minimal coordination in real time and any amount of coordination in the
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day-ahead market. Again, the models would have been infeasible without lost load. With a high
cost of lost load (often referred to as the value of lost load or VOLL), the prices reflect the
demand that cannot be met.

Models using a higher hurdle rate are simulated, and the resulting prices for day-ahead and
real-time are in Figure 5-2. The diagonal simulations are compared (minimal coordination in
both day-ahead and real-time, full integration in both, etc.) against hurdle rates of $6/MWh and
$10/MWh. Both increased rates had little impact on prices, lowering the percent change between

day-ahead and real-time by a percentage.

Table 5-2 Real-time total costs over 24 hours (million$)

P

Real-Time
Minimal Coordination Hurdle Rate Full Integration
= Minimal 3.07 2.73 2.73
LR Coordination
S %’ Hurdle Rate 292 2.18 2.18
Full Integration 308 2.18 217
Table 5-3 Day-ahead and real-time prices (§/MWh)
Real-Time
DA/RT Minimal coordination Hurdle Rate Full Integration
< Minimal 52/ 47 52 /47 52 /47
% coordination
g Hurdle Rate 45 / 5240 45/ 32 45 / 32
A Full Integration 45 / 6214 45/ 32 45 / 32
<
60 9% 40%@
= 29% 30% 0% 28% %
g — — 30%3 ¢,
<40 ﬁ >
& g
& 30 2008 =
2 S
20 g
10% 9
. N °
0 0%

Minimal Consolidation Hurdle Rate- $3 Hurdle Rate- $6 Hurdle Rate-
Coordination $10

Figure 5-2 Change between day-ahead and real-time prices
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Finally, total costs can be compared against the total amount of trade occurring throughout
the two regions. Figure 5-3 shows the nine simulations with total cost in § and trade in MWh
values for each, excluding the cost of load shedding (assuming emergency generators where
turned on in response to added need). The day-ahead cost/trade value is shown as a square for
each of the three types of coordination. The triangles show full integration, and have the lowest
cost and highest trade values in the comparison. The hurdle rate simulation is close behind or
takes on the same value in the case of minimal coordination in day-ahead. The figure shows
even with some kind of coordination in real-time, the lack of coordination in day-ahead leads of

higher costs and less trade.

m DA
1.6 A RT Integration
14 R Integration Day-Ahead 4+ RTHR
E '  H e RTNC
g 1.2 Hutdle Rate Day-Ahead
ol
]
o
X 08
:«
s 06 No Coordination
g Day-Ahead
& 04 ’
0
7 0.2
0
$2,000,000 $2,500,000 $3,000,000 $3,500,000
Total Cost ($)

Figure 5-3 Total costs compared net trade as a percent of demand

5.7 DISCUSSION

This chapter analyzes trade and coordination between neighboring balancing areas. The first
part, Section 5.3, examines the interactions between balancing areas in time (through the day-

ahead and real-time markets) and space (through a spectrum of coordination). The second part,
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Section 4.2.1, evaluates models for trading externalities (emissions) in a spot market. Each
compares different models for trade; the first part aims to find inefficiencies between markets,
while the second focuses on a second-best model for trade considering externalities. The
simulations use simple models for ease of understand the results, and the lessons might show
broad trends, but are also dependent on the system and data utilized.

Trade between balancing areas can cause issues for most regions throughout the world with
liberalized markets. Frequent problems have arisen between countries in Europe and states in the
U.S. because each region can establish different laws and policies. Those policies can vary
depending on the time frame. As explained in Section 5.3, the rules for day-ahead markets can
differ from the rules for real-time or balancing markets. In Europe, there is centralized market
clearing in day-ahead and independent balancing in real-time. In the West the opposite occurs;
the day-ahead market sees trade between regions and there exists a real-time fully consolidated
market, the Energy Imbalance Market, operated by California ISO. While each region has
progressed over time, each chose to coordinate inversely across time. Coordination will become
more important as the penetration of wind energy grows. Spatial diversity is an important aspect
for successful wind integration, and increased trade between regions can help accommodate
wind.

Section 5.3 analyzes methods for coordination in time and with a simple model, finds that
not all means of coordination produce the same results. Results from the IEEE Test Case find
the amount of coordination in the day-ahead market has a direct impact on the efficiency of the
real-time market. With either full integration or use of a hurdle rate in the day-ahead market and
either type of coordination in real-time, the market outcomes are very similar. Both sets of
simulations see similar costs and prices.

However, with some kind of coordination in day-ahead and minimal coordination in real-
time (like some areas in European), the real-time simulation for the Test Case is infeasible. As

the model allows for load shedding, costs skyrocket due to the high value placed on shedding
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customers. This simple case shows manual commitment of generators or used of expensive
emergency generation would be necessary since there is not enough generation online. Since
there are not massive blackouts in regions with this trading scheme, these results do not
necessarily scale to real systems. They are a reminder for policy makers that decisions to
coordinate trade in one time scale might benefit that market, but might not benefit the system as
a whole. It is important to evaluate the impacts markets can have on each other, rather than a

single market in isolation.
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CHAPTER 6
CONCLUSIONS

The four projects that make up this dissertation attempt to identify and improve
inefficiencies in the electric power grid. Some of the inefficiencies are due to existing market
issues while others have arisen due to the influx of renewable energy and the implementation of
policies addressing greenhouse gas emissions. The electric power system is extremely complex
and making any one change can have great and unexpected impacts on other parts of the grid.
Chapters 2, 3, 4, and 5 cach take a complex market or operational issue and use optimization-
based operations planning and market simulation models to suggest solutions and efficiency
improvements.

Chapter 2 begins with a basic model of day-ahead system operations and explains how even
a simple model produces great complexity. Pricing from the unit commitment problem is not
straightforward, and any change to current practice must consider how incentives for both
supply and demand are impacted. The Dual Pricing Algorithm is a proposed model that attempts
to satisfy certain economic criteria concerning efficiency and allocation of prices, while
maintaining the efficient generator and demand schedules. Its development recognizes the need
for rules to accompany any proposed pricing mechanism, since pricing rules should be enacted in
cooperation with procedures ensuring incentive compatibility. The necessity for rules also

impacts Chapter 3, where reserve coordination must follow a set of rules. The simulations in
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Chapter 3 identified reserve coordination between countries as having the greatest net
improvement compared to the other proposed adjustments. However, in order to appreciate the
benefits of coordinated reserve procurement, each country must agree to a set of rules.
Disagreement over rules or procedures can decrease trade, lessening the potential surplus due to
coordination.

Chapters 3, 4, and 5 all compare proposed and existing models to identify their relative
economic and efficiency benefits. The purpose of each chapter is different, but the evaluation
metrics they share are financial benefits and integration of renewable energy. Chapter 3 finds
coordinating reserves in the balancing or real-time markets of neighboring systems lowers system
costs for the case study. Chapter 4 shows how modeling dispatch and environmental costs under
alternative carbon and electricity trade policies can tradeoff emissions reductions for higher
costs. Finally, the test case in Chapter 5 shows coordination in day-ahead markets without
coordination in real-time might lead to higher system costs due to balancing actual operations in
real-time.

Power system operations and markets tie each chapter together, where the unit commitment
model is a linchpin for analysis for three out of the four chapters. Chapter 2 proposes a new
method for pricing, using the simplest unit commitment problem in order to better analyze the
impacts of modeling changes on prices. The unit commitment problem is what drives the new
pricing proposal, which modifies the dual formulation of the classic unit commitment model in
order to satisfy certain economic criteria. Chapter 4 also uses a simple model (dispatch only for a
real-time market) to best evaluate how simple changes to pricing carbon between neighbors can
impact costs and emissions. Chapters 3 and 5 use a more complex, dynamic unit commitment
model including many generator characteristics to address system wide impacts of reserve and
trade models respectively. Using an operations model in each chapter shows the importance of
tailoring the model for the application at hand. Simple models can offer deep insights, and

complex models allow for numerical answers in the context of practical applications.
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Future work on the topics addressed in these chapters must account for technology
innovations or market changes that will take place in the coming years and decades. Many
tangible technologies will influence operation of the power grid; decreasing battery costs, smart
grid devices to control ac power flow, and use of transmission switching might show significant
improvements to power operations. Technology innovation can also greatly impact demand-side
participation in markets. It is in its infancy, and extensive investments in physical technology and
control software are underway to support further development in demand-side participation.
Research into the role of aggregators has increased. Third-party companies might soon be able to
submit a single offer on behalf of many smaller customers to wholesale market auctions, where
participation from small customers might not be possible otherwise.

The concept of a distribution system operator (DSO), to complement the ISO, has also
gained popularity [221]. A DSO operator can have greater insight into the state of the
distribution system to either take a passive or active role in coordinating distributed energy
resources, such as rooftop solar. Finally, the increased use of blockchain technology might
increase the ease of bilateral trades between neighbors, allowing a secondary market for “local”
renewable energy [248]. These ideas and technology can provide means for demand to
understand and participate in wholesale markets, finally achieving the demand side participation
conceived by Schweppe ¢7 al. in Spot Pricing of Electricity [13].

Thinking broadly about all market design issues raised in this dissertation, future work could
reimagine existing market design; if a group of electricity experts started with a blank slate, would
they imagine the market we have today? Without any existing infrastructure, what could
electricity markets look like? Would this group still propose a wholesale spot and capacity
market? Should a market with mostly zero cost resources look meaningfully different than the
market today? These questions are of interest to many in the industry and would be a very

worthwhile continuation of this research.
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In the remainder of this chapter, I suggest some potentially useful and intellectually
challenging research directions for each of the four problems addressed in my dissertation. Most
suggestions are specific to the chapter’s topic, but some can apply to electricity market research
generally. For instance, Chapters 2, 4, and 5 would benefit from larger test cases. Simple
examples are necessary to learning the fundamental attributes of a model, but larger more
complex systems can elucidate the trends that can be seen over time or alternate participant
behavior. The proposed future work for Chapters 2-5 are described in Sections 6.1-6.4

respectively.

6.1 FUTURE WORK ON PRICING

Electricity market pricing is complex and can often involve conflicting goals. Providing a
transparent price might also incentivize generators to overbid. Ensuring non-confiscation of
demand might interfere with incentive compatibility in elastic consumers, causing pay-as-bid
incentives. The incentives for supply and demand given the complex cost structure of electricity
and its lack of largescale economic storage make developing and implementing a single pricing
method difficult. The method developed in Chapter 2, the Dual Pricing Algorithm, improves on
several issues with current methods but does not solve all problems inherent in electricity
pricing.

Since the design of electricity pricing is a multi-objective problem, it can be useful to elicit
expert and stakeholder opinions regarding the relative importance of different aims (e.g., signals
for investment, marginal cost pricing), and then apply those value judgments to the ranking of
different proposals. This approach is not exclusive to Chapter 2, seeking expert feedback to rank
methods can be applied to any of the market design questions addressed in this dissertation. As
future work, such a multi-objective comparison of pricing system alternatives could be carried
out with different ISO employees, generator operators, financial investment firms, demand

aggregators, economists, and regulators. By explicitly considering and valuing tradeoffs, better
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justified recommendations concerning pricing mechanisms might emerge that are more
consistent with stakeholder values [222], [223].

More specifically for the proposed DPA method, several studies can be carried out to
continue the work. One question that has arisen concerns strategic bidding. An ideal pricing
system would incent truth-revealing, i.e., truthful bidding of costs would be the dominant
strategy. However, this is an unattainable ideal for practical pricing systems. New pricing
methods will change the bidding behavior of the players, so the exploration of exactly how each
pricing method changes bidding behavior would be of great value to the industry. This can be
accomplished through use of a game-theoretic model in which bidding is a strategic variable.
This might be structured as a mathematical program with equilibrium constraints [224], or by
simulating the profit consequences of specific options for strategic bidding.

For long-term planning, future work on pricing can include a study of investment decisions
given different pricing mechanisms [47]. In Chapter 2, one motivation for the DPA is increasing
price transparency in order to send a stronger investment signal. This is based on the assumption
that having more information about a pricing point of entry (or the lowest cost point at which a
generator can enter a market and recover costs) will be a stronger signal than the marginal cost
alone. As future work, it would be beneficial to simulate investment decisions under DPA,
ELMP, and other proposed methods. As mentioned in the literature review, there have been
some studies of the investment incentives for other pricing methods and replicating or advancing
on one of these studies would help establish the long-term incentives of different proposals.
Some new resources have high marginal costs and low or no fixed operating costs. For instance,
the investment cost of batteries is high, and they are not yet considered economically viable at a
large scale [225]. If prices were higher in certain locations, it might incent investment in such
resources, especially if they can act as both a generation and consumption resource. Simulations
using different pricing mechanisms might change welfare dynamics, and it will be important to

assess who wins and who loses in the long-run.

191



Over the past several years I have thought a great deal about pricing and its interaction with
economics and engineering. As engineers, we must learn the principles that economists hold
dear, fundamental theories that govern the markets. The economists I speak with about pricing
either shudder at the notion of fixed ‘operating’ costs, exclaim at the idea of moving away from
marginal cost pricing, or throw up their hands and declare there might not be a supporting price
for electricity. Many of the issues discussed in Chapter 2 can have theoretical solutions, but as an
engineer, I am constantly concerned with implementation.

Given the constraints of the system as it stands in 2018, I am left with the belief that to
uphold the principles in Chapter 2, pricing mechanisms need both an algorithm and associated
rules. Rules, such as rules for uninstructed deviations described in Section 2.5.6, are needed to
balance incentive incompatibility. For instance, a pricing method that moves away from marginal
cost pricing might incentivize a generator to deviate from the optimal dispatch; when the price
on its own does not incentivize staying on dispatch, a rule must be implemented to ensure
compatibility. Any move away from marginal cost pricing raises concerns (and often panic).
Because of the non-convexities in electricity markets, a pricing algorithm without rules is not
likely to be enough to ensure markets remain incentive compatible for both supply and demand.
As new proposals atise, both rules and algorithms should be assessed together. The methods and

examples in this chapter can be used an initial framework to test the pricing outcomes.

6.2 FUTURE WORK ON RESERVE IMPROVEMENTS

As renewable penetration continues to grow, uncertainty and variability in the supply mix
will increase. Although forecasting will improve over time, better reserve requirements will still
be important for system reliability. The reserve study in Chapter 3 analyzed three improvements
for reserve sizing, allocation, and activation. The improvements were chosen based on the

perceived need in each area, but could be extended to include other concerns.
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Instead of analyzing a simple reserve requirement, future work for the sizing phase could
focus on some of the reserve proposals in the literature, such as probabilistic requirements. This
could be especially useful since the comparison of a daily and seasonal requirement did not
produce a significant difference in cost. Another possible improvement would be a separate
coordination scenario where capacity on the lines was allocated for shared reserve. Both [92] and
[114] found securing transmission line space to be an important aspect of trade, otherwise
allowing increased trade between countries might not reduce costs. The simulations in Chapter 3
do not hold any capacity on the lines, possibly understating the impact of reserve coordination.
Simulating the reservation of transmission capability could confirm the results from existing
studies with additional quantitative analysis, and show greater impacts of coordinated reserve.

There are several areas where improved data or a different dataset can advance the analysis.
For the contract-based analysis, gaining data on the quality, quantity, and price of existing
contracts would enhance the comparison to the market-based case. The current comparison
likely overestimates the costs, since the reserves were contracted based on a rule; however, there
is no guarantee that the existing contracts would result in less costly solutions, since the details of
those deals are private. Another area where additional data would enrich the simulations is the
day-ahead wind forecast and actual wind generation data for multiple sites, along with
contemporancous load data. Newer data would reflect new wind sites and any changed inter-
country correlations between wind farms. There is also more planned offshore wind than
currently exists, and additional data might provide more insight into the value of offshore wind
compared to onshore farms. Finally, simulations did not consider error in load forecasts, only
wind forecasts. As discussed in Section 3.5.2, simulations with load forecast error would
demonstrate the impacts of correlated wind and load on costs.

The comparison of alternative adjustments would also be improved with additional
generation data, specifically, data on individual generators in countries surrounding the

Netherlands. While generation data for all of Europe would be difficult to obtain, additional
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granularity on generators in Central Western Europe would provide more insight into the
coordinated approaches. It might also change the reserve outcome; further correlation between
countries might increase or decrease the requirement or increase congestion between countries.
Finally, additional network data might provide further understanding to the amount of reserve
that would be deliverable in real-time. Since the model only connects countries through a single
line, actual delivery might increase or decrease depending on actual network congestion. A
secondary real-time model with a granular network can answer questions on reserve deliverability
and trade.

The three improvements studied in Chapter 3 were specific to the European market and
relevant to the needs of the Netherlands. Future studies could use this same framework to
analyze other regions or countries around the world. A similar study could be done in the
Western U.S. to analyze the benefits of coordinating reserves in the day-ahead market between
the California market and Western states. Such a study would complement the EIM in the real-
time market and desire to form a west-wide ISO. Other regions can also use this framework to
evaluate the benefits of making one or more improvements to existing reserve sizing, allocation,

and activation.

6.3 FUTURE WORK ON EMISSIONS TRADING IN REGIONS
WITH ASYMMETRICAL POLICIES

This chapter internalizes the cost of greenhouse gas emissions in markets with asymmetric
policies and can benefit from further modeling options. Three approaches to accounting for and
regulating carbon emissions associated with power imports were compared against two baseline
(best and worst case) models, but other models are in development. Although many areas of the
wortld have asymmetrical carbon or emissions policies, only recently has there been an increase in
analytical and quantitative results. The modeling proposal in California has been modified several

times since the inception of this dissertation chapter, and will likely continue to change in the
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future. As methods are proposed, the criteria developed in Section 4.5.2 can be used to evaluate
and compare the new proposals against the existing second-best methods described in this
chapter. If other regions in the U.S. decide to implement similar policies, these same criteria can
be used to evaluate other systems. The results from Chapter 4 found tradeoffs between
emissions and total cost for the second-best methods; however, the social cost of cartbon method
will always dominate. Although beyond the scope of optimization modeling, political analyses
can evaluate what policies and political will would be necessary to implement a carbon tax
through the U.S. (to produce the first-best, social cost of carbon result).

The project could also benefit from larger test cases. When initially investigating, it is
important to begin with a small model so the results are easy to analyze and understand.
However, as regions propose to implement these methods, it is important to recognize how the
models scale-up. With more participants and a more complex network, behavior is likely to be
qualitatively different; regions will sometimes be exporters and sometimes be importers. A West-
wide model could provide much deeper insights into the actual emissions reductions and total
system costs. A system with a more than one hour, so that a range of system load and renewable
output conditions are represented, should also be studied, since it is average performance over a
long petiod of time that matters the most, not performance in a single hour. A large system
could also provide better understanding of the tax-at-the-border method, since the current
simulation results jump between three options rather than a possibly smoother response when
there are more plants and a diversity of load and renewable generation patterns over the year. A
similar study can be performed in the mid-Atlantic region for RGGI and in Europe, possibly in

collaboration with the existing COMPETES model used in Chapter 3.

195



6.4 FUTURE WORK ON COORDINATION AMONG BALANCING
AREAS

Many countries and regions throughout the world have separately controlled but
interconnected power systems, obliging system operators to coordinate the flow of electric
power and trade. Because renewable energy is not always plentiful in areas with large
populations, it can be important to improve trade between regions with abundant renewable
generation and those with large load centers. Moving towards a majority renewable future,
enabling trade can make all participants better off. Better off, of course, is relative to the aims of
the organization or government in charge of operations.

The studies in Chapter 5 analyze trade across time and between regions with differing
amounts of coordination. As renewable integration is increasing, there are many opportunities
for model extensions. Foremost, would be extending the examples to more realistic test cases
and testing against real system data. Many regions have existing hurdle rates (such as the WECC
region), and use of actual hurdle rate data would produce results that mimic actual operations.
Additionally, more than two regions can be simulated. Although the dynamics and constraints
linking the systems would change, simulations using more than three balancing areas can
demonstrate the challenges faced by highly interconnected grids. Larger systems might also allow
simulation of game theoretic models to determine if a company that owns generators in multiple
balancing areas can influence outcomes in either market.

The project can also extend modeling of trade to more complex mechanisms, some of which
were discussed in Section 5.2. Both pseudo-tie lines and dynamic transfers can ease the
integration of renewable energy from one balancing area to another. By explicitly modeling each
mechanism, simulations can determine which would integrate a greater penetration of renewable
energy or reduce costs. They can also be simulated in networks that use hurdle rates, to assess

the relative benefits of using pseudo-tie lines and dynamic transfers.
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Lastly, an empirical study of trade between regions using different mechanisms might
identify causes and quantitative estimates of transaction costs that can be translated into hurdle
rates. With the additional modeling, it can help address the question of the worth of hurdle rates.
Is the mechanism too simple or does it adequately capture the complexity of inter-BA trade?
When are hurdle rates useful as economic friction? Studies can assess current systems to
determine if reductions to hurdle rates can increase gains from trade. As renewable integration
grows, interconnection issues grow and become more important for ensuring the penetration is

as high as possible.

In total, the four analyses provided in this thesis examine trade-offs between economic
efficiency, simplicity of trade, integration of renewable energy, and emissions reductions. The
dissertation contributes a framework for assessing market design improvements, and
demonstrates that coordination between neighboring regions can increase economic efficiency.
However, it is also important to remember the now infamous George Box quote, “All models
are wrong but some are useful” [226]. Each chapter’s models cannot exactly mimic real power
system operation, but the insights provided can assist decision makers, researchers, system

operators, and consumers in understanding electric market design options.
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APPENDIX

Data used in Chapter 5 can be found in this Appendix. The tables show generator

characteristics, line information, an houtly load profile, and bus/load levels.

Table 0-1 IEEE RTS Test Case Generator Data

Gen Bus Marginal Startup No Load  Minimum
Number Location Cost Cost Cost Capacity

1 1 163.020 75.850 1138.680 15.8
2 1 163.020 75.850 1138.680 15.8
3 1 19.640 1060.880 130.630 15.2
4 1 19.640 1060.880 130.630 15.2
5 2 163.020 75.850 1138.680 15.8
6 2 163.020 75.850 1138.680 15.8
7 2 19.640 1060.880 130.630 15.2
8 2 19.640 1060.880 130.630 15.2
9 7 75.640 4754.400 839.450 25
10 7 75.640 4754.400 839.450 25
11 7 75.640 4754.400 839.450 25
12 13 74.750 6510.000 1159.930 68.95
13 13 74.750 6510.000 1159.930 68.95
14 13 74.750 6510.000 1159.930 68.95
15 14 0.000 0.000 0.000 0
16 15 94.740 571.200 72.680 2.4
17 15 94.740 571.200 72.680 2.4
18 15 94.740 571.200 72.680 2.4
19 15 94.740 571.200 72.680 2.4
20 15 94.740 571.200 72.680 2.4
21 15 15.460 1696.340 252.670 54.25
22 16 15.460 1696.340 252.670 54.25
23 18 5.460 2400.000 215.080 100
24 21 5.460 2400.000 215.080 100
25 22 0.000 0.000 0.000 0
26 22 0.000 0.000 0.000 0
27 22 0.000 0.000 0.000 0
28 22 0.000 0.000 0.000 0
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Gen Bus Marginal Startup No Load  Minimum
Number Location Cost Cost Cost Capacity

29 22 0.000 0.000 0.000 0
30 22 0.000 0.000 0.000 0
31 23 15.460 1696.340 252.670 54.25
32 23 15.460 1696.340 252.670 54.25
33 23 15.890 7953.040 358.230 140
34 25 163.020 75.850 1138.680 15.8
35 25 163.020 75.850 1138.680 15.8
36 25 19.640 1060.880 130.630 15.2
37 25 19.640 1060.880 130.630 15.2
38 26 163.020 75.850 1138.680 15.8
39 26 163.020 75.850 1138.680 15.8
40 26 19.640 1060.880 130.630 15.2
41 26 19.640 1060.880 130.630 15.2
42 31 75.640 4754.400 839.450 25
43 31 75.640 4754.400 839.450 25
44 31 75.640 4754.400 839.450 25
45 37 74.750 6510.000 1159.930 68.95
46 37 74.750 6510.000 1159.930 68.95
47 37 74.750 6510.000 1159.930 68.95
48 38 0.000 0.000 0.000 0
49 39 94.740 571.200 72.680 2.4
50 39 94.740 571.200 72.680 2.4
51 39 94.740 571.200 72.680 2.4
52 39 94.740 571.200 72.680 2.4
53 39 94.740 571.200 72.680 2.4
54 39 15.460 1696.340 252.670 54.25
55 40 15.460 1696.340 252.670 54.25
56 42 5.460 2400.000 215.080 100
57 45 5.460 2400.000 215.080 100
58 46 0.000 0.000 0.000 0
59 46 0.000 0.000 0.000 0
60 46 0.000 0.000 0.000 0
61 46 0.000 0.000 0.000 0
62 46 0.000 0.000 0.000 0
63 46 0.000 0.000 0.000 0
64 47 15.460 1696.340 252.670 54.25
065 47 15.460 1696.340 252.670 54.25
066 47 15.890 7953.040 358.230 140
67 49 163.020 75.850 1138.680 15.8
68 49 163.020 75.850 1138.680 15.8
69 49 19.640 1060.880 130.630 15.2
70 49 19.640 1060.880 130.630 15.2
71 50 163.020 75.850 1138.680 15.8
72 50 163.020 75.850 1138.680 15.8
73 50 19.640 1060.880 130.630 15.2
74 50 19.640 1060.880 130.630 15.2
75 55 75.640 4754.400 839.450 25
76 55 75.640 4754.400 839.450 25
77 55 75.640 4754.400 839.450 25
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Gen Bus Marginal Startup No Load  Minimum
Number Location Cost Cost Cost Capacity
78 61 74.750 6510.000 1159.930 68.95
79 61 74.750 6510.000 1159.930 68.95
80 61 74.750 6510.000 1159.930 68.95
81 62 0.000 0.000 0.000 0
82 63 94.740 571.200 72.680 2.4
83 63 94.740 571.200 72.680 2.4
84 63 94.740 571.200 72.680 2.4
85 63 94.740 571.200 72.680 2.4
86 63 94.740 571.200 72.680 2.4
87 63 15.460 1696.340 252.670 54.25
88 64 15.460 1696.340 252.670 54.25
89 66 5.460 2400.000 215.080 100
90 69 5.460 2400.000 215.080 100
91 70 0.000 0.000 0.000 0
92 70 0.000 0.000 0.000 0
93 70 0.000 0.000 0.000 0
94 70 0.000 0.000 0.000 0
95 70 0.000 0.000 0.000 0
96 70 0.000 0.000 0.000 0
97 71 15.460 1696.340 252.670 54.25
98 71 15.460 1696.340 252.670 54.25
99 71 15.890 7953.040 358.230 140
Table 0-2 IEEE RTS Test Case Generator Data
Generator Ram 10 Min. Down U
Number RateP Ramp Rate Time Tirlr)le Fuel Type
1 20 20 1 1 Oil/CT
2 20 20 1 1 Oil/CT
3 76 20 4 8 Coal/Steam
4 76 20 4 8 Coal/Steam
5 20 20 1 1 Qil/CT
6 20 20 1 1 Qil/CT
7 76 20 4 8 Coal/Steam
8 76 20 4 8 Coal/Steam
9 100 70 8 8 Oil/Steam
10 100 70 8 8 Oil/Steam
11 100 70 8 8 Oil/Steam
12 180 30 10 12 Oil/Steam
13 180 30 10 12 Oil/Steam
14 180 30 10 12 Oil/Steam
15 0 0 1 1 N/A
16 12 10 2 4 Oil/Steam
17 12 10 2 4 QOil/Steam
18 12 10 2 4 Oil/Steam
19 12 10 2 4 Oil/Steam
20 12 10 2 4 Oil/Steam
21 155 30 8 8 Coal/Steam



Generator

Ramp

10 Min.

Down

Up

Number Rate Ramp Rate Time Time Fuel Type
22 155 30 8 8 Coal/Steam
23 400 200 24 24 Nuclear
24 400 200 24 24 Nuclear
25 50 50 1 1 Hydro
26 50 50 1 1 Hydro
27 50 50 1 1 Hydro
28 50 50 1 1 Hydro
29 50 50 1 1 Hydro
30 50 50 1 1 Hydro
31 155 30 8 8 Coal/Steam
32 155 30 8 8 Coal/Steam
33 240 40 24 24 Coal/Steam
34 20 20 1 1 Oil/CT
35 20 20 1 1 Oil/CT
36 76 20 4 8 Coal/Steam
37 76 20 4 8 Coal/Steam
38 20 20 1 1 Qil/CT
39 20 20 1 1 Qil/CT
40 76 20 4 8 Coal/Steam
41 76 20 4 8 Coal/Steam
42 100 70 8 8 Oil/Steam
43 100 70 8 8 Oil/Steam
44 100 70 8 8 Oil/Steam
45 180 30 10 12 Oil/Steam
46 180 30 10 12 Oil/Steam
47 180 30 10 12 Oil/Steam
48 0.000 0 1 1 N/A
49 12 10 2 4 Oil/Steam
50 12 10 2 4 Oil/Steam
51 12 10 2 4 Oil/Steam
52 12 10 2 4 Oil/Steam
53 12 10 2 4 Oil/Steam
54 155 30 8 8 Coal/Steam
55 155 30 8 8 Coal/Steam
56 400 200 24 24 Nuclear
57 400 200 24 24 Nuclear
58 50 50 1 1 Hydro
59 50 50 1 1 Hydro
60 50 50 1 1 Hydro
61 50 50 1 1 Hydro
62 50 50 1 1 Hydro
63 50 50 1 1 Hydro
64 155 30 8 8 Coal/Steam
65 155 30 8 8 Coal/Steam
66 240 40 24 24 Coal/Steam
67 20 20 1 1 Oil/CT
68 20 20 1 1 Oil/CT
69 76 20 4 8 Coal/Steam
70 76 20 4 8 Coal/Steam
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Generator Ramp 10 Min. Down Up

Number Rate Ramp Rate Time Time Fuel Type
71 20 20 1 1 Oil/CT
72 20 20 1 1 QOil/CT
73 76 20 4 8 Coal/Steam
74 76 20 4 8 Coal/Steam
75 100 70 8 8 Oil/Steam
76 100 70 8 8 Oil/Steam
77 100 70 8 8 Oil/Steam
78 180 30 10 12 Oil/Steam
79 180 30 10 12 Oil/Steam
80 180 30 10 12 Oil/Steam
81 0 0 1 1 N/A
82 12 10 2 4 Oil/Steam
83 12 10 2 4 Oil/Steam
84 12 10 2 4 Oil/Steam
85 12 10 2 4 Oil/Steam
86 12 10 2 4 Oil/Steam
87 155 30 8 8 Coal/Steam
88 155 30 8 8 Coal/Steam
89 400 200 24 24 Nuclear
90 400 200 24 24 Nuclear
91 50 50 1 1 Hydro
92 50 50 1 1 Hydro
93 50 50 1 1 Hydro
94 50 50 1 1 Hydro
95 50 50 1 1 Hydro
96 50 50 1 1 Hydro
97 155 30 8 8 Coal/Steam
98 155 30 8 8 Coal/Steam
99 240 40 24 24 Coal/Steam

Table 0-3 IEEE RTS Test Case Line Data

Bus Line
Number From To Susceptance Capacity
1 1 2 -7142.8571 175
2 1 3 -473.9336 175
3 1 5 -1176.4706 175
4 2 4 -787.4016 175
5 2 6 -520.8333 175
6 3 9 -840.3361 175
7 3 24 -1190.4762 400
8 4 9 -961.5385 175
9 5 10 -1136.3636 175
10 6 10 -1639.3443 175
11 7 8 -1639.3443 175
12 7 27 -621.1180 175
13 8 9 -606.0606 175
14 8 10 -606.0606 175
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Bus Line
Number From To Susceptance Capacity
15 9 11 -1190.4762 400
16 9 12 -1190.4762 400
17 10 11 -1190.4762 400
18 10 12 -1190.4762 400
19 11 14 -2380.9524 500
20 12 13 -2083.3333 500
21 12 23 -1030.9278 500
22 13 23 -1149.4253 500
23 13 39 -1333.3333 500
24 14 16 -1694.9153 350
25 15 16 -5882.3529 500
26 15 21 -2040.8163 500
27 15 21 -2040.8163 500
28 15 24 -1923.0769 500
29 16 17 -3846.1538 500
30 16 19 -4347.8261 500
31 17 18 -7142.8571 500
32 17 22 -952.3810 500
33 18 21 -3846.1538 500
34 18 21 -3846.1538 500
35 19 20 -2500.0000 500
36 19 20 -2500.0000 500
37 20 23 -4545.4545 500
38 20 23 -4545.4545 500
39 21 22 -1470.5882 500
40 23 41 -1351.3514 500
41 25 26 -7142.8571 175
42 25 27 -473.9336 175
43 25 29 -1176.4706 175
44 26 28 -787.4016 175
45 26 30 -520.8333 175
46 27 33 -840.3361 175
47 27 48 -1190.4762 400
48 28 33 -961.5385 175
49 29 34 -1136.3636 175
50 30 34 -1639.3443 175
51 31 32 -1639.3443 175
52 32 33 -606.0606 175
53 32 34 -606.0606 175
54 33 35 -1190.4762 400
55 33 36 -1190.4762 400
56 34 35 -1190.4762 400
57 34 36 -1190.4762 400
58 35 38 -2380.9524 500
59 36 37 -2083.3333 500
60 36 47 -1030.9278 500
61 37 47 -1149.4253 500
62 38 40 -1694.9153 350
063 39 40 -5882.3529 500
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Bus Line
Number From To Susceptance Capacity
64 39 45 -2040.8163 500
05 39 45 -2040.8163 500
66 39 48 -1923.0769 500
67 40 41 -3846.1538 500
68 40 43 -4347.8261 500
69 41 42 -7142.8571 500
70 41 46 -952.3810 500
71 42 45 -3846.1538 500
72 42 45 -3846.1538 500
73 43 44 -2500.0000 500
74 43 44 -2500.0000 500
75 44 47 -4545.4545 500
76 44 47 -4545.4545 500
77 45 46 -1470.5882 500
78 49 50 -7142.8571 175
79 49 51 -473.9336 175
80 49 53 -1176.4706 175
81 50 52 -787.4016 175
82 50 54 -520.8333 175
83 51 57 -840.3361 175
84 51 72 -1190.4762 400
85 52 57 -961.5385 175
86 53 58 -1136.3636 175
87 54 58 -1639.3443 175
88 55 56 -1639.3443 175
89 56 57 -6006.0606 175
90 56 58 -606.0606 175
91 57 59 -1190.4762 400
92 57 60 -1190.4762 400
93 58 59 -1190.4762 400
94 58 60 -1190.4762 400
95 59 62 -2380.9524 500
96 60 61 -2083.3333 500
97 60 71 -1030.9278 500
98 61 71 -1149.4253 500
99 62 64 -1694.9153 350
100 063 64 -5882.3529 500
101 63 69 -2040.8163 500
102 63 69 -2040.8163 500
103 63 72 -1923.0769 500
104 64 65 -3846.1538 500
105 64 67 -4347.8261 500
106 065 66 -7142.8571 500
107 065 70 -952.3810 500
108 066 69 -3846.1538 500
109 066 69 -3846.1538 500
110 67 68 -2500.0000 500
111 67 68 -2500.0000 500
112 68 71 -4545.4545 500
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Bus Line
Number From To Susceptance Capacity
113 68 71 -4545.4545 500
114 69 70 -1470.5882 500
115 73 21 -1030.9278 500
116 66 47 -961.5385 500
117 71 73 -11111.1111 722

Table 0-4 IEEE RTS Test Case Bus Data

Bus Peak Bus
Number Demand

1 108
2 97
3 180
4 74
5 71
6 136
7 125
8 171
9 175
10 195
11 0
12 0
13 745
14 80.4
15 131.4
16 100
17 0
18 333
19 75.1
20 53.1
21 0
22 0
23 0
24 0
25 108
26 97
27 180
28 74
29 71
30 136
31 125
32 171
33 175
34 195
35 0
36 0
37 745
38 80.4
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Bus Peak Bus
Number Demand
39 131.4
40 100
41 0
42 333
43 75.1
44 53.1
45 0
46 0
47 0
48 0
49 108
50 97
51 180
52 74
53 71
54 136
55 125
56 171
57 175
58 195
59 0
60 0
61 745
62 80.4
63 131.4
64 100
65 0
66 333
67 75.1
68 53.1
69 0
70 0
71 0
72 0
73 0
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Table 0-5 IEEE RTS Test Case Houtly Data

Hour Percent Peak Hourly
Demand
1 67 1909.5
2 63 1795.5
3 60 1710
4 59 1681.5
5 59 1681.5
6 60 1710
7 74 2109
8 86 2451
9 95 2707.5
10 96 2736
11 96 2736
12 95 2707.5
13 95 2707.5
14 95 2707.5
15 93 2650.5
16 94 2679
17 99 2821.5
18 100 2850
19 100 2850
20 96 2736
21 91 2593.5
22 83 2365.5
23 73 2080.5
24 63 1795.5
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