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Energy use from wind, solar, and other renewable sois@epublic policy at the federal

and state levels to address environment, energy, and sustainability concerns. As the cost
of renewable energy is still relatively high compared to fossil fuels, it remains a critical
challenge to make renewable energy costetitive, without relying on public subsidies.
During recent years, much advance has been made in our understanding of technology
innovations and cost structure optimization of renewable enArggowledge gap exists

on the other side of the equatibrrevenue generation. Considering the complexity and
stochastic nature of renewable energy projects, there is great potential to optimize the
revenue generation mechanisms in a systematic fashion for improved profitability and

growth.

This dissertation exames two primary revenue generation mechanisms, or offtake

strategies, used in wind energy development projects in tBeWhile a shorterm



offtake strategy allows project develop&r benefit from price volatility in the wholesale

spot market for praf maximization, a longerm offtake strategy minimizes the market

risk exposure through a longrm Power Purchase Agreement (PPA). With Conditional
Value-atRisk (CVaR) introduced as a risk measure, this dissertditisndevelops two
stochastic programing models for optimizing offtee designs under short and letggm
strategies respectivelyzurthermore, tis study also proposes a hybrid offtake strategy
that combines both short and letegm strategies. The twlevel stochastic model
demonstrates thmerit of the hybrid strategy, i.e. obtaining the maximized profit while
maintaining the flexibility of balancing and hedging against market and resource risks
efficiently. The Cape Wind project in Massachusetts has been used as an example to
demonstrate e model validity and potential applications in optimizing its revenue
streams. The analysis shows valuable implications on the optimal design of renewable

energy project development in regard to offtake arrangements.
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Chapterll nt roducti on

1.1 Renewablé&Energyand Wind Power

In recent yearsgontroversial issues between thecrease of energy consumption and the

inevitable environmental impacts V@become key incentives for people to propose sustainable

strategies to balance the energy use and environmental protection. Energy efficiency and
renewable energies are regarded dse At win pillarsodéd of sustainable
efficiency is to slondownthe energy demand growdnd avoid waste of resourcegnewable

energies are essential to generate more clean energy alternatives so as to make deep cuts in fossil

fuel usgPrindle et al. 2007)

Renewable eneigs, generated from natural resources such as sunlight, wind andetwatare
inexhaustibleenerges that can potentiallyubstitutetraditional sources of fossil fueto supply

final energy consumptions. Since the renewable energiexlea@ and can be continually
replenished through natural resources, theyvide substantiafreduction for carbon dioxide and
other greenhouse gas emissibesice becomthe mostsignificantpotentials to solve the climate
change problem we are facirgy.longterm plan towards renewable energies use is also regarded
as one of the modgtritical means for many countries to attain national goals such as energy
supply diversification, energy security, energy access for the public and the creation of green jobs
(SARI 2010, IEA 2010, Lund, @stergaard, and Stadler 2011, Anderson and RlfAde Ayres
2008) Furthermorerenewable energy developmestitategiesare increasingly important for the
whole world to establisha threepillar-sustainability, aiming at the balance between the

environment, the social equity, and economic dem@obi§&sA 2005)

Although renewable energy still accourfisr a small portion of all energy sources, the
deployment of renewable energy, especially in the electricity generation industry, has been

developing rapidlyn recent years. As of year 2012, renewables accounted for almost half of the



new electric capagit installed globally,so thattotal renewable power capacity worldwide

exceeded 1470 GW in 2012, up about 8.5% from 2BREN21 2013) It is estimatedoy the

International Energy AssociatiotEA) with the energy outlookowards year 2035 that although

coal remains the backbone of the electricity generation, its share of the mix will be eroded from

two-fifths to onethird. Instead, generation from rendda energies will grow to almost three

times its 2010 level by 2035; its share in the total energy generation mix will grow from 20% to

31%(IEA 2012b)

Among all the modern renewable energies, imd power receivesthe most attentianThe

worldwide cumulative installed wind capacity has witnessed a 25% annual growforréte

recent two decade@-igure 1-1). Wind power developmentare widely acknowledged to have

achi

eved t he fimai nstreami ngo among

busi

especially considering that the majority of annual global investment in power genésatom

flowing to renewhle energy instead of fossil fuels and nuclREN21 2013b, BNEF/UNEP

2012, Sbneider et al. 2009)

Global Annual Installed Wind Capacity 1996-2011
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Figurel-1 Development of Worldwide Wind Energy Generating CapgGWEC 2012)
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Regulatory schemes are the most important incentives for wind project development and
investment.Although the cost for wind projects have decreased dramatically with adlvance
technology andiue tolearning curveeffect the wind projects are still in need of external support

to be competitive with other conventional power platit&4ZARD 2011). The renewable energy
policy schemes in different countries are continuously revised and adjasttdpme of the

countries are using multipbpproaches

The mostwidely used policy incentive iaspecial price applied to wind powersually known as

t he Af Hxne dt aBusheffdieen dariffs are defined by the governments as the power
purchase price that local distribution or transmissiompanies have to pay for loeeihd power
generation that is fed into the network. Fixed feedariffs reduce the financial risk for wind
power investorssthe power purchase price is basically fixed over at least 10 to 15 eadin
tariffs havebeen themain driver for wind powein many of the Euroa countries such as
Germany UK and DenmarGWEC 2012, Ackermann 2012nd they aregettingmorepopula

in Asian countriesin Indiait is called Generation Based Incentive (GB&pplying certain tariff

for applied project¢§Kumar et al. 2010, GWEC 2012WJapan and Korea ausing an enhanced
feedin tariff in the form of an explicit monetary reward provided for wgaherated electricity,

usually paid by the utilitiefvan Kooten and Timilsina 2009)

Another typical approach usesl a form of quota system with certificate tradiiog renewable

energies With this approach, utilities ra allocatedwith fixed quotas from the government

regarding the amount of renewable energy per year they have to sell via their network. The
fulfillment of the obligation is evaluated through the certificate in align with the amount of

energy fed into therid. In European countriek isk nown as fAFi xed Quotas Co
Green Certificate Tradingo or the ,Reemampleabl e ObI
in ltaly, Sweden and BelgiunfAckermann 2012, GWEC 2012Similarly, the Chinese

government prioritize wind energy for selected provinces witie best wind resource and set



targets for them(GWEC 2012c) Australia is using a Mandatory Renewable Energygéa
(MRET) schemerequiing electricity retailers to source specific proportions of total electricity
sales from renewable energy sources according to a fixed timef@GWEC 2012) In the U.S.,
the Renewable Portfolio StandafiRPS)is a similarquota systemwhich requires utilities to

purchase a percentage of their overall generating capacity from renewable resources.

In addition, various subsidies, grants, rebates and tax incentives are also often implemented to
stimulate wind power growth. For examptee U.S. isusingthe federal Production Tax Credit

(PTC) asthe major driver for wind power development, providing a tax credit for electricity
generated from utiligscale wind turbines. Addition to the PTC, developers can also choose a 30%

Investment Tax Credit (ITC) famaller turbines.

1.2Wind Powerin the U.S.and Its Developmenfirends

The U.S. is leading the development of renewable energy due to its vast natural resources and
advances in technique and project deploymntyear 2012all the renewable energies capac
developedn theU.S.is around 86 GWaccounting for more than 166 global capacity 480 GW.
Among all the new86 GWrenewable power capacities added in 20ligdvenergy accounts for
the most capacityfor about 70% (60 GW), and has the fastest gmgwendency of 39%,

followed by sola(30%) and hydropower (25%REN21 2013)

Actually, with the terrain suitable for largeale wind farnmdevelopment, wind energy has been
proved to be an important part in the U.S. kb@gn energy generation mix strategy. The U.S.
accounted for around 21% of the new gr@hnected wind turbines worldwide between the end
of 2000 and the end of 20¥&BWEC and IRENA 2013)it has been in the top three countries

with most installed wind power capacity for over a deqaadermann 2012)



Tablel-1 Operational Wind Power Capacity Worldwide. Source: Various edition of Wind Power

Monthly and GWEC Global Wind Repsrt~or 2012 GWEC report, sS€6WEC 2012)

Installed Capacity (MW)

End End End End End End End End
1995 2000 2002 2004 2006 2008 2010 2012

Region

North America 1676 2,695 4,708 7,184 13,062 27,542 44,189 67,576

United States 1,655 2,578 4,625 6,725 11,603 25,170 40,180 60,007

Canada 21 117 83 459 1,459 2,372 4,009 6,200
Europe 2,518 129,772 21,319 34,401 48545 65,564 86,272 109,581
Germany 1,136 6,288 11,994 16,629 20,622 23,903 27,214 31,308
Spain 145 2,335 3,337 6,203 11,615 16,754 20,676 22,796
Asia-Pacific 626 1,795 2,606 5,234 11,667 26,012 63,485 97,570
China 470 765 2,604 12,210 44,733 75,324
South and
Central America 11 103 137 2,089 508 629 2,010 3,505

and Caribbean

Middle East and

. 13 141 149 225 433 669 1,079 1,135
Africa
TOTAL
. 4844 17,706 29,140 47,252 74,215 120,416 197,035 282,587
Worldwide

In the year 2008, the U.S. Department of Enemyplished a groundbreaking technical report

named fA20% Wi nd In&tensing §Vind Engrgy'? Ooltfbution to U.S. Electricity

Suppho , examining the cost, maj or | mmwadeneggyand c¢ hal
scenario and comparing ititlv the scenario which no new U.S. wind power capacity is installed.

According to the reportthe 20% scenaricequires U.S. wind power capacitio grow from 17

GW atthe 2008 level to more than 300 GW over 23 ye@nger 46 states would experience

significant wind developmerfDOE 2008) New wind power installations would increase to more

than 16,000MW per year by 2018, and continue at that rate through geig0re 1-2). Updated

with the actuahew capacity that has been added in recent yeaticated by the red outlines

Figure 1-2), the actualinstallation capacity is increasing with a stronger trexmd exceeds the

projected needed new capadifithe 20% scenarj@ven in the recessiaiffected year of 2010.
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Figurel-2 Annual and Cumulative Wind Installations by 203@Ha20% Scenariok-igure
adapted fronfDOE 2008)and(AWEA 2013b)
The report finds thathe U.S. possesses affordable wind energy resources far in excess of those
needed to enable a 20% scenario. However, it also gmihthat thaealization ofthe 20% wind
scenario involves major national commitment and pilag) as well as overcoming challenges in
the area of technology, manufacturing, transmission and integration, markets, environment and

siting, etc (DOE 2008)

The windindustryin the U.S. haggone through three important phases of development giace
1970s. Vith the increasingpenetrationof wind energy,the business models for wind project
development gradually changed, and the structure of the U.S. energy industry and electricity
markethave beernnfluenced correspondinghGiven ambitious expansiogoalsin the next 30

years, thefinancing for wind progcts isexpected to evolve from poliesupported to market

based.

The first phase of wind projects happened befor& 1¥%en a series of federal energy programs

were established to deal wi t h ttdrne energylneedsr i si s a
(Sissine 2006)The 1978 Public Utility Regulatory Raes Act (PURPA) required utilities to

purchase powera t t he wuti | i frombtkird pasieswitd endre emareninentbl

friendly facilities. It was PURPA that created a market for renewable energy independent power



producers (IPPshand succesfully made those smadicaled wind producers economically viable
(GWEC and IRENA 2013)With constraing in technology and funds, the wind project
developed during that period were sradhleproductionwith capacity less thah000 kw, with
typical wind turbine sizeof less than 100 kw applied lromeuse, small facilityuse, or at most,

smallcommunity use

The second phase of wind projeatas from 1992 to 2008 Enacted in 1992the federal
Production Tax Credit (PTCyvas the majodriver for wind power developed during that period
PTC provides a certain amount of tax credit for wind energy generated from-sddity wind
project, thus largely promote the development of lagae wind projectin this phasethe U.S.
wind industy rapidly expandedwith the average turbine size reaching 1660 kw by the end of
2008 (Wiser and Bolinger 2012 he installed capacityrgw at a compound annual growth rate
(CAGR) of 39% from 2004 to 20085WEC 2012, FERC 2009However, it is worthy notice
that the development trend of the wind fluctuated dwnstdle policy climate. With the PTC
being expiring on several occasions, there occurred a cycle of strong growth and slowdowns
accordingly (Figure 1-3). This policy uncetainty caused loss of investor confidence, under
investment in manufacturing capacity, and variability in equipment and supply(@B4EC

2012)
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Figure1-3 Historic Impact of PTC Expiration on Annual Wind Installati®WEA 2013b)



The wind industry has been undergoing a new phtastdngafter year 2008, with the key feature

of market maturity.Projects are developed with even largapacitythat can grow to several

hundred MV, with highereconomic scalentreased rotor diameters and hub heights would be

expected to improve capacity factors andject efficienciegWiser and Bolinger 2012The cost

hasdeclined due to the advancement of manufacturing and construction technology, as well as
increased competition among manmn(@GWEBCcahduRESNNA S and a
2013) During thisphase, rast of the wind power projectre developed by independent power

producers (IPPs). According to the DOE wind technology market report, IPPs owned 73% of all

new wind power capacity installed in 2011, and 82% of the cumulative installed cap¥isi¢y

and Bolinger 2012)

In addition to thePTC incentivesRenewables Portfolio Standards (RR®8)ved as the most
popular form of paty supporting the deployment of renewable energy technologies at the state
level. With more stricenergyrequirements from renewable resources, thasemergd alarger

and more mature renewable energy certification (REC) trading market, which impade=t

based demand for wind power development. The demand not only comes from utility companies,
but a large amountof it also comes frongovernment agencies (such e Department of
Transportation), institutional electricity buyers (such as schoolshaggitals), businessnergy

users (such as supermarkets, computer server centerergy traders and even individual
housdnolders The diversification has brought vitalities to the wind market, and gradually change

the business model for wirghergyproject development

Furthermore, some other markets and progravith broader scopeuld also influence the
development of renewable energy, such as the carbon market, and carbon emission policies. One
typical market that is growing is the carbon tradingrket, with which if the emitters are
approaching their quotas, theputd try to develop or outsource their business to some clean

resources such as wind energy. Although no federal emissions trading market has been



established in the U.S., regional maskare in place or are under development, including the
Regional Greenhouse Gas Initiative (RGGI), Western Climate Initiative (WCI), and the

Midwestern Greenhouse Gas Accord (MGGA).

1.3Research Needs and Problem Definition f@dfind Project Offtake Strateqgies

As the cost of renewable energy is still relatively high compared to fossil fuels, it remains a
critical challenge to make renewable energy cost competitive, without relying on public subsidies.
During recent yearsmany advance havebeen made in our undganding of technology
innovations and cost optimization of renewable enefggre is however arlowledge gap on the
other side of the equatidnrevenue generation. Considering the complexity and stochastic nature
of renewable energy projects, thergyisat potential to optimize revenue generation mechanisms

in a systematic fashion for improved profitability and growth.

The offtake of a project is defined as teeenue generatiostrategy of howthe project is selling

its product and realizdts profit. The offtake strategy of a project can be an analog to the sales

strategy for a company. While profitability remains th@mary objective, another important

metric of evaluating the strategy is the stability of future revenééso, the control of the

revenuerisk i s key f or a companyds st e achplling they el op me n:
revenue riskis a guarantee fostable future revenue streasrthus can largelyincreasethe

possibiliies of thep r o j successPbwell-designedofftake planwill also help tojustify the

feasibility of the project in the initial phasenhancehe bankability for projectfinancing and

thus essentially reduce the ovetallelized cost of energy (LCOE) for wind energy

If the productof the projetis sold through a competitive market, the project offtake strategy
deals with the production quantity, selling schedule and price in the market. While if the product
is sold through contracts with buyers, then the problem becomes the contract design and

negotiation of the detailed terms. As for wind power IPPs, selling the power directly to the market



can be treated as sheoerm offtake strategy, since the decision making in the electricity
wholesale market is usually hourly based. On the other hamdngigontract with the buyer is
usually a longerm decision. Current power purchase agreesn@&@RA) typically tave contract

terms effective for5-25 years.

Shortterm spot market offtake and lotgrm PPA are both viable for wind projects, and

sometimes can be combineliccording totheAmer i can Wi nd Ener gy Associ ¢
annual market report, 85% of the wind power capacity installed by Independent Frogdeces

(IPPs) in 2012 was contracted under letegm power purchase agreements (PPAs), and 15% was

soldin the shortterm spot markefAWEA 2013).

Either option has its own pros and cons, tivhy there is a market preference for the selection,
how tospecifically apply them, andhetherthere is a more efficient way tmmbine and balance
the tradeoff between the two ithe key questionsThe three main questions to answer through

this dissertation can be identified as:

1. How shouldwind IPPsoperatewhen they are participating in the electricity wholesale spot

market?

In the U.S. deregulate@ower marketwind Independent Power Produc#PRg areregarded as
generating companies (GENCO&ahd are obliged téollow the rules of theDay-Ahead (DA)
forward marketand the Realime (RT) balance marketor traditional power plantsuch as coal

and nuclear plants, their straieg are to maximiz profit by bidding generationamouns and
scheduls based on their own manufacturing cost and estimation of the market -sigopand
equilibrium (Borenstein 2000)For wind IPPssince the generation amount solelyeeds on the
actual wind resource, the bidding strategy they make in the forward market could incur high
uncertainties when they realize ithprofit. In practice, wind IPPs usually bid at the 50 percentile

of their generation estimatidior maximizing thé& expected profitput they fail to consider the

possiblerisks and the corsponding probabilities. In l@&pterThreeof the dissertation, a more
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general optimization modeils proposedto design wind project bidding strateg under
uncertainty The metric of Conditional Value at Risk (CVaR) is proposed as the measuhe to
project revenueisk. The project developeis expected to adjust their bidding strategies with

uncertainties taken into consideration.

2. How should wind IPPs design the Power PurehAgreement (PPA) as their loterm

offtake strategy?

As shown in the AWEA annual market report, more wind IPPs @B# as their strategy, this

is not only because they will gatpromised offtake, but ab because they are expectingre

stable cashléw streans. However, in practice, there lacks a systematic method for project
developers to analyze their negotiation position, sordetimes they have to accept some onerous

terms requested by power purchasers so as to sign off as much offtake a® posgédtl the

project starteqUmanoff 2008) Furthermore,lte traditional approach for valuirgPPA is tdake

the projectecannualcash flow based on the forecasted electricity price and the costhemd t

discount the expected future profits by the cost of capital of the investingTitme pr oj ect 6 s
feasibility is then evaluated by comparing the profit with the initial ¢behg 1999) This se

called discounted cash flow (DCF) approach becomes inapprogdatéthe wind project

especiallyin the deregulated electricity industry because (1) d oe s n 6 tincedaihtyjof e s s t he
the wind resourgewhich have seasonal trend and can be fluctuating severely within a year; and

(2) it d o e s wolatility af ahp tmarkek eledtrigity, which can be treated as the
opportunity cost fothe windproject. In GiapterFour, these two problems will be addressed and

a modified stochastic programming model will be proposed to sealptimizedlong-term PPA

offtake strategy, considering the discounted cash flow, CVaR of the profit risks, and a- chance

constraint related to the market value of the electricity production.

3. Is there a more efficient way for wind IPPs to combine stesrh and longerm offtake

strategies, and balance the profit and risks?

11



With the previous twotgategies, wind IPPeither choose a sheterm offtakein the spot market,

or sign longterm PPA with purchasers, there is no flexibility to opt between the #though
some largavind projectsaredivided into small sulprojecs, and are allocated to different offtake
strategies, the wind IRFstill have no control over the offtake approach for eachpsaject.In

an uncertairenvironment however it is important to hold options during the operation so as to
balance or hedge against different scenadas to volatile exogenous factorgBirge and
Louveaux 2011)In Chapter Fivean extendetlybrid modelis presented, which enalslé¢he wind
IPP to establish a more flexible mechanism for his wind production offtakevo-level
stochastic modas built, with the first level to design the PPA contract with detailed témhsre

the project startsand the second level toptimize tre allocaton of the energy production
between the PPA and the spot marRdétis recourse process will enable the project developer to
take into consideration of the uncertainties tbe weather and the power marldiring the

operation, and make contrasign and negotiation accordingly

1.4 Dissertation Structureand ResearchPlan

The issues discussed above justify a dedicated research towards the study and design on offtake
strategies for wind energy projects. With an extensive problemititafiand background review,

we extend theesearchbased on three different offtake strategies, namely the-thorf the
long-term and hybrid strategy. Each of the strategy tyresliscussecand modeled in detail for

one specific chapter. A single empilicase studys defined and isppliedthroughoutthe three
strategies, for the purpose of validating different strategies and comgaeimgvith each other.

Figurel-4 outlines the structure of the dissertation, and content for each chapter.
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«  Energy Market with Renewable Energy
Sources: Nash-Cournot Equilibrium Model

«  Wind project Bidding Strategy in the

Forward Market

Hourly Optimization Problem with

Conditional Value at Risk (CVaR) as Risk

Measure

Chapter 1 Introduction .

Chapter 3 Short-Term
Offtake Strategy

Chapter 6
Results and
Conclusions

Chapter 2 Literature
Review

Chapter 5 Hybrid
Offtake Strategy

Chapter 4 Long-Term
Offtake Strategy

« Combine Short-term and Long-term
Concepts

* State of Practice of Current PPA Design « Trade-off between Revenue
« Modified Stochastic Optimization Model Maximization and Risk Minimization
with CVaR and chance-constraint for *  Two-level Dynamic Stochastic Model:

buyers attitude
» Four Types of PPA Strategies (in terms of
settlement scheme and risk management)

|

Case Study: Cape Wind

Heuristics + Affine Controller

« Real Data (Meteorology, Technical, Electricity Market)

« Each Strategy Compared with Traditional Case as
Benchmark

* Out-of-Sample Analysis (Decision making based on
2009-2012 data, Viability Check on 2013 data)

Figure1-4 Dissertation Structure in terms of Chapter Contents

Although the boundary of this dissertationdsfined asa singlewind energy projectwhen
building the modelghe relationships with the backenedchnologyrelated researcand frontend

marketbased problems will be consider@dgure1-5).

[ 1 [ 1
| Wind Turbine ‘ ______________ | : |
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and Game Theory for Stakeholder Methodologies and Proer ine for Control for Project
for Power Market Relationship and Theories lf{gilk c u:]g 101 Operation
Equilibrium Profit Optimization Sk Lontro Optimization

Figurel-5 Framework for the Research Need and Relative Topics

In particular, the analysis of the uncertainty from the wind resource, together with the wind

turbine specifications and its power generation efficiency are key issues associated with the

13



project output risks. Meanwhile, the economic features of the povaeket and the general
political environment are the major i mpacts that
products. On the other hand, the project finance and risk controls during the project operation

phase are closely related to itsftake strategies, hence will be specifically discussed and

involved in the models. Furthermore, various methodologies are identified to support the research,

and mathematical models are built accordingly. For example, a Cournot imbddt to depict

the electricity wholesale market equilibrium with renewable GENC@®shanceconstrained

stochastic model is utilized to guarantee nbbeegret of thePPAbuyer, and an affine controller

is proposed to quantitatively describe the project operation strategy in the dynamic uncertainties,

etc. Detailed processes of methodology selection are discussed in each chapter
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Chapter2Revi ew of Literature and

2.1Background forWind Resource and Wind Speed Profile

Firstly, we would like to review some background of the wind resource, including the formation,
the patterns of the wind speed, and the influence factors.eTiegews are fundamental
information to help build quantitative analysis for wind resource for a certain projestwind
speed varies as a function of time, temperature, height, and other random fdttbesemake

wind speed appear to be quite ramhowever, it actually has some distinct features. Therefore,
an understanithg of thesewind speed patterns, and the factors that influe¢heaincertaintiess

critical for the evaluation of potential wind energy sites.

The original source of the global winds causedby solar radiation The variations in the

atmospheric pressure field due to the uneven heating of thecaath air to move from high to
low pressureDue to the roughness of the groutfte wind conditias near the ground, which is
known as theplanetaryboundary layerjs turbulent(Manwell, McGowan, and Rogers 2002,
Ackermann 2012)The characteristics of thisoundary layer are directly applicable to wind

energy application(AWEA 1988)

Measuring the intensity of the wind first originated from marine applicatiboscorrelate the
wind force scale to real, measurable wind velocity, the World Meteorolo@ghnization
(WMO) drafted a standard table, measuring the wind force by the Beaufor{\atdi® 2012)
The current generation of wind tunigis usually stastoperating ata light breezeand will shut
downfor protection for violent storm or hurrican@ Beaufort terms this would be an operational

window between scale 3 and Mble2-1).
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Table2-1 Beaufort $ale wih Equivalent Wind Speed andeBeription(WMO 2012)

Beaufort Knots m/s WMO description

0 <1 <02 Calm

1 1-3 0.3-1.5 Light air

2 4-6 1.6-3.3 Light breeze

3 7-10 34-54 Gentle breeze

4 11-16 5.5-79 Moderate breeze

5 17-21 8.0-10.7 Fresh breeze

6 22-27 10.8-13.8 | Strong breeze
28-33 13.9-17.1 Near gale

8 34-40 17.2-20.7 | Gale

9 21-47 20.8-24.4 | Strong gale

10 48-55 24.5-28.4 | Storm

11 56-63 28.5-32.6 | Violent storm

12 > 064 >32.7 Hurricane

The wind patterns associated witheight air pressure,and temperature are relatively
straightforwargbased orffundamental principles of physicBhere are various studies concerning

the influence from these factots the wind patterngBalmer 1990, Justus 1978, Baumeister,
Avallone, and Baumeister Il 1978pf the most importancethe variation of wind speed with
elevationis called the vertical profile of the wind speed or vertical wind shear, which directly
determines the productivity of a wind turbine on a tower of certain h@fiignire2-1). Scientists

are more concerned with the Ainstantasaouso
different height, andare related via the similarity theory of boundary layé8chlichting and

Kestin 1968)

Mean profile

\
AY

Actual wind speed Al
profile

\ \
= e - -

Figure2-1 Vertical Wind Speed Profil§van Der Tempel 2006)

Two mathematical models have generally been used to model the vertical profile of wind speed

over different terrains (e.g., seas, fields, and foreBt#h approaches are subject to uncatiai
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caused by the variable, complex nature of turbulent fl@Miester and Pennell 1981)One
approach is called Power Law, which assume that the ratio of the wind speed at different height

are exponential to the ratio of the hei¢Bthlichting and Kestin 1968s shown in2-1):

Yo & (2-1)
Ya o a

Where™Y & is the wind speed at height™Y & is the reference wind speed at heightand

is the power law exponent. In practice, the expondata highly variable quantity, varies with a

lot parameters such aalevation time of day, season, nature of the terrain wind speed,
temperature, and various thermal and mechanical mixing para(Maemwel, McGowan, and
Rogers 2002)Many researcherdeveloped method® calculate , while some otherfeel that

the complicated approximations reduce the simplicity and applicability of the power law, hence

some more strafgforward approached is need@dstus 1978, Counihan 1975, Spera 1994)

The secon@pproach called Logghmic Profile, as known as the Log Lais used by many wind
energy researchens is based on a combination of theoretical antpirical researghandorigins
from the boundary layer flow in fluid mechanics and in atmospheric reseg@vianwell,
McGowan, and Bgers 2002)Wortman gave aomprehensive analysis of the methodologies that
predict thelogarithmic wind profilethroughthe mixing length theory, eddy viscosity theory, and
similarity theory(Wortman 1983)The log law is basically used to extrapolate wind speed from a

reference height , to another level using the following relationship:

v & a a
— GE TaE 22
Y & a Ty @2

Different with the power law, this approach introdsiemother parametér, which represest
different surfaces roughness, and can be obtained through experiments. This methozhsdy be
utilized as long as the terraiwhere the wind projects are jpased tdoe built are identified. For

examplefor the offshore wind projecfi should be valued at 0.0005m (as Blown Sea, according

17



to theTable 2-2). Then the windspeed that is captured by taeemometergn the meteorology
station can be adjusted given the height of the turbine tower, and the actual air flow that is acting

on the wind turbine can be calculated accordingly.

Table2-2 Value of Surface Roughness Length for Various Types of TeBairion et al. 2011)

Terrain description Zp (mm)

Very smooth, ice or mud 0
Calm open sea 0.
Blown sea 0
Snow surface 3
Lawn grass 8.
Rough pasture |
Fallow field 3
Crops 5

Few trees

Many trees, hedges, few buildings
Forest and woodlands

Suburbs

Centers of cities with tall buildings

=
S22y =

In order to get a comprehensive analysis for wind resource for a specific project site, meteorology
information are needed, such as the wind speed, wind direction, temperature, humidity and so on.
In this dissertation, wewill use the meteorology station data from National Oceanic and
Atmospheric AdministratiofNOAA) databasdor the historic wind speed and direction at a 15

min interval(NOAA 2013) The Log Law will be usedto estimate the wind resource in terms of

the height. And for simplicity, we assume that the other factors such as temperature and pressure
do not significantly change the instant wind speed, hence we do augsprthe original wind

data separately for those factofée indirect influence of those weather factors can be addressed

through seasonal wind resource distribution thlitbe discussed in the next section

2.2 Energy Output Assessment for Wind Power Rrois

When the wind acts on the turbine, tkieetic power of the wind idirstly convertedto the
mechanical powerthe rotational energy ahe wind turbine rotor, and theconverted to the

electricity power through the generator in the wind turbifieerefore, here are two main
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components that determine the energy output from a wind project, one is the kinetic power of the
wind, and the other is the efficiency of wind turbine design which traswferkinetic power to

the electricity powe(Manwell, McGowan, and Rogers 2002)

The kinetic power of the wind can be calculated through the physics fori@®g which
basicallyprovidesthe power of an air mass that fl@w speed V through an area(Burton et al.

2011) where” E@ s the air densjt, andw & i is the wind speed.

s pn
U Ju—
C

B 0 Moo (2-3)

This is the total available energy coming to the turbine. However, the power in the wind cannot
be extracted completely by the turbitize @pture of the wind will causa reduction of speed in

the air massThe theoretical optimum for utilizing the power in the wind by reducing its velocity
was first discovered by the German physicist
theoretical maximum power that can be extracted from the wind should be discounted by a scale
of around 0.59. Hence, even if power extraction without any losses were possible, only 59% of
the wind power could be utilized by a wind turbif@asch and Twele 2012Therefore, the

power utilized by the wind turbine can be ten as:

5 g W6 xAOOO (2-4)
Whereo is called power coefficient, which should be calculated by the feature of the air flow
and the wind turbine. For simplicity, we assuingo be 0.6 in ar calculation.

From (2-4), the energy output varies to the cube of the wind speed, which indicates that the
volatility of the energy outpuis exaggeratediccordingly. Thereforein order toincrease the
prediction accuracyor the energy output of a wingroject,one of the most important research
and implication topics in the wind industry l®w to better forecast the wind resource aof

particular locatio. It is estimated that the cost due to wind energy prediction error have been as
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much as 10% of total generator energy income, implying a strong need to manage the risks of

unexpected levels of generati(fabbri et al. 2005)

Comparing with thaveatherfactors mentionedh the last sectiorthe relationship between the
wind speed and the time is much more complicated and harder to pfédictind resource are
uncertain with time mainly associated withits intermittency nature due to the orographic
conditions and global phenomefackermann 2012)Furthermore, due to thkigh cost and
deficiency of technologiesvind power, similar as other natural resources such as solar and hydro
power, cannobe reasonhly stored. Therefore inthe energy industry, sualenewable resources

are called variablegeneratios, anddraws a lot attentions in the electricity market design field,

especially with thie higher penetration levéd the conventional mark@ERC 2010b)

Although forecast techniques are significantly improving over the years, predigt wi ndoés out p
is much more difficult than predicting the output adnventional generators or logdBé&ez-

Arriaga and Batlle 2012 he variability of wind speed differentiateith the imeframe they are

evaluated and various approaches are proposed to deal with each ofGesrarally, only very

nearterm wind predictions areelatively accuratgXie et al. 2011)In particular,it is estimated

that the Mean Absolute Error (MAE), which measures toeecast error, fohour ahed

forecass can be about-%% of rated capacityfor dayahead forecasts, tiMAE could increases

to the range of 1:25% (Milligan et al. 2009, NERC 2010b)

In the literature, there are a number of methdazben adopted and developed for wind speed
forecasting. Generally, the methods can be classified into three categories, namely, physical

models, statistical models, and time series madiéls Shi, andErdem 2010)

Physical models are often referred td\menerical Weather Prediction (NWP) modelichuse
equations based on the fundamental principles of phgsidssimulates the state of atmosphere
(Focken and Lange 200&ince the model is not based on the historical data, but on the real time

atmospheric conditions, the resutan beelativdy accuratgGiebel et al. 2006)And the model
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could be especialluseful in the realime estimation, or very short tirmgcale forecast, such as
second to minute analysi®n the other handhése models were originally developed for general
weather forecasting purposes (public safety, aviation, agriculture, ete) tiadim specifically for
wind forecastinghence the model itself is a large system and requiresaregitutational efforts

(NERC 2010b)

There are many time series approaches proposed for modeling the dynamics of the wind speed
processegAlexandridis and Zapranis 2013yhese models are more effective in the short to
medium timescale analysissuch as hour ahead foreasthe general group of MA (moving
average), AR (autoregressive), ARMA (autoregressive moving average), and ARIMA
(autoregressive integrated moving average) modelthareiost commotime seriesapproaches

used in thewind studies(Liu, Shi, and Erdem 2010There have been a lot sfudies on the use

of linear ARMA models to simulat¢he shortterm wind variatongf Caporin and PreS
Huang and Chalabi 1995, Billinton, Chen, and Ghajar 1996, Torres et al. R@@8kseri et al.
proposed a more sophisticated fractional integrated ARMARIMA) model on the dayahead

(24 h) and tweday-ahead (48 h) horizonKavasseri and Seettzanan 2009) Ailliot et al.

applied an autoregressive model (AR) with timagying coefficients to describe the spdicee

evolution of wind fieldgAilliot, Monbet, and Prevads 2006)

Moreover somenon-conventionaltime series models such as NN (neural networks), SVM
(support vector machines), and fuzzy logic have attracted enormous interests for wind speed
forecasting due to their capability of implicitly establishing ttomplex nodinear relationship
between variable@ariniotakis, Stavrakakis, and Nogaret 1996, Pourmousavi Kani and Ardehali
2011) Sfetsos conducted eomparison of various time series models on daily wind speed
forecast, and found out thattificial intelligence based models outperformed the limeadels,

anda Neural Logic Network that incorporated Logic Ruleslized the least errofSfetsos 2000)

Li et al. comparedhree types of typical neural networks, namely, adaptive linear element, back
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propagation, and radial basis functiamd concluded that the performance of the mdaslel
dependent upon the data sourcasd for different models, the optimal solution can vary from

each other, as much as 20%erms of one particular evaluation mefilic and Shi 2010)

For medium to longimescalewind analysissuch as the monthly forecastirilge pupose is more
focused on capturing the statistical trend of seasonal characteffdim® are several studies
regarding the longerm (usually more than a year) variations of the wind resource, and it is found
that the seasonal distribution of wind spéedignificant(Petersen et al. 1998, Soder and Amelin
2008) Forexample in thé-igure2-2, the historic wind speed data is plotted on the daily base for
the U.S. offshore Cape Wind project. As in this four year pgfiatn 2009/03to 2012/12), the

wind speed almost follow the identical pattern within a year: the wind blow harder in autumn and
winter, andis relativelycalm in spring and summerhere are some even longerm analysis
estimated that the variation of the yearly mpawer output from one 2@ear period to the next

has a standard deviation of 10%less(Ackermann 2012)Hills compara the different natural
sources and dicated that in many places, the uncertainty regarding the availability of water over
a longer time period (more than one year) for hydropower generation exceeds that of wind power
(Hills 1996)

Wind Speed
(m/s)

30

Time
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Month

Figure2-2 Seasonal Trend of Wind Speed Distribution of Cape Wind Project
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Based on the abundant studies and numericdy/sis on the longerm trend of wind speed, it is
usually assumed that over the lifetime of a wind turbine (usually about 20 years), the uncertainty
of the wind resource at a monthly base is not I§gikermann 2012)lt is because of this feature
makes it possible and reasonable to use basic statistics distrdtatidapict the monthly wind
resource sometimes even applied on daily or hourly wind speed(D@miel and Chen 1991,
Garcia et al. 1998Eventhoughthere is also much debate at present aboutikbly leffects of

global warmingthat could affect long-term wind climatestrend in the coming decadgesor
simplicity, this dissertatin will follow the conservative assumption that daily and monthly wind
resource can beeasonably estimated by distributiongnetted from the historic da{@urton et

al. 2011, IPCC 2007, 2012)

In literature and practice, there are two most commonly used distributions, namely the Rayleigh
and the Weibull distribution, which are applied to estimate the wind spépte 2-3 displays

the typical pdf of Rayleigh distribution and Weibull distributiofhe Rayleigh distribution is the
simplest speed probability distribution to represent the wind resource since it requires only a
knowledge of thenean wind speed. The Weibull distribution is based on two parametels

shape factor) and (a scale factor), both of with are function of the mean wind sgeet the
standard deviation of wind spegd. Hence the Weibull distributiocan betterepresent a wider
variety of wind regimegManwell, McGowan, and Rogers 20032ustus et al. first proposed to

use theWeibull distribution to estimate wind speed, and apply it to the actual observed data.
They concluded that Weibull distribution give smalli#ting errors than some other
distributions and can be used to poj&ind speed at another heigldustus et al. 1978)
Brown et al. put forward a general model applying thisg® nonGaussian distribution, and
simulate the hourly wind power for tidational Aeronautics and Space Administrat{biASA)
(Brown, Katz, and Murphy 1984Although trere are some other distribution proposed to deal

with the wind speed, such dsgnormal distribution(Garcia et al. 1998pr the Chi-square
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distribution (Dorvio 2002) Weibull distributionis widely accepted and utilizeith the researches

and empiricabtudieg(Tuller and BrettLl984, Celik 2004, Jaramillo and Borja 2004)
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Figure2-3 Rayleigh Distribution and Weibull Distribution witbte6m/s Source(Manwell,

McGowan, and Rogers 2002)

Figure 2-4 shows a typical wind speed probability density function shape, which deviates
significantly from the normal and is not symmetri¢Alexandridis and Zapranis 2013l is

usually in the rang from 0 to 30 m/s, and has positive skew with longer tail to the right.

Frequency

0 5 10 15 25 I 36
Wind Speed

Figure2-4 Wind Speed pdf for Cape Wind ProjéctOctober

Given the wind power that acts on the wind turbine, there is anothertanpdssue that
determines the energy output from the system, the efficiency of the power genafétidn.
turbinedoes notgenerag electricity all the timejnstead the efficiency at different wind spegd
variessignificantly. Each individual wind turibe has a specification for the relationship of its
power generation and corresponding wind speed, which is called the powerFigwe2-5 is

the power curve ofhie offshore Cape Wind project turbin8%T-3.6-107, manufactured by
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Siemeng(Siemens 2011)Typically, the wind turbines start to generate electricityhat speed

which is called the ctih speedranging from3-5 m/s and stops production at the -auit speed,

ranging from20-25 m/s The moskefficient range is from the cim speed to the rated speed, with

which thepower generatiorfiollow the cube relationship, as discussed in equaie#). Once

reachthe rated speed, the maximum power production will be limited, or, in other words, some
parts of the avail abl e @\okermany202). dypitahrated powerd wi | |
ranges froml2-16 m/s and the power output at the rated speed ismthen d t wambplatee 6 s

capacity, which is 3.6 MW for the Siemens turbine in the exanfiigi(e2-5).
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Figure2-5 Power Curve for Wind Turbirsof Cape Wind ProjecData source(Siemens 2011)
As discussed, the uncertainty of the power generation not only depends on the volatility of the
wind, kut also on the relationship between the wind and the specific turinesspecifianetric
which is called Capacity Factor (CI)then proposed to measure the performarice specific

wind turbine omultiple wind turbinesas a project:
60 0 T

The capacity factor of a wind turbine at a given site is defined as the ratio of the energy actually
produced by the turbine to the energy that could have been produced if the machine ran at its

rated poweD , over a given time perio@anwell, McGowan, and Regs 2002)
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2.3 Evaluation for Project Revenu®isks

In order to quantitativelgvaluate the balance between the revenue and risks, a critical challenge

is to identify a metric to measure the risks, in dollar value to be comparable to revenue.

Typically in the domain of finance, the most classpproachfor managing risks is the mean
variance frameworkwith which the objective is to maximizing the expected risk premium per
unit of risk (Markowitz 1952) Since tha, the modern portfolio theory has been developed
greatly and applied in various situatiorif€hopra and Ziemba 1993, Crama and Schyns 2003,
Hirschberger, Qi, and Steuer 2007, Konnod auzuki 1992) However, using the
variance/standard deviati@s themeasure for risks inligs that investors weight the probability
of negative returns equally against positive retf®ampbell, Huisman, and Koedijk 2001)

may have a potential danger to sacrifice touch expected return in eliminating both high return

extremes and low return extrenm{éiiang 2008, Markowitz 1952)

Semivariance andvalue-at-Risk (VaR) were then proposed as alternatives for measuring the
risks. Both approacheare able to measutie left-sidetail for the returnValue-at-Risk (VaR),
defined as the upper percentile (for instance, 95%) of the loss distrithai®meenidely used

as a sime and easy representation for high losg@®khmal, Palmquist, and Uryasev 2002,
Jaion 1997) For examplethe Basel Committee on Banking Supervision, the U.S. Federal
Reserve, and the U.Securitiesand Exchange Commissidrave all converged on Vais the
benchmark risk measure to maintain the minimum level of capitalsasves gainst financial

risks (Jorion 1997)

However, one important drawback of VaR is that it is only efficiehén theunderlying risk
factors are normallyr log-normally distributed.Hence, most approaches to calculate VaR rely
on linear approximation of the portfolio risks and assume normal or a joint normaioflogl)

distribution of the underlying market r@aneters(Simons 1996, Pritsker 1997, Duffie and Pan
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1997) For norrnormal distributions, VaR may have undesirable propertied) as lack of sub

additivity and convexity, and incoherent

Therefore, as a more advanced alternative for risk measurement, ConditaoealatRisk
(CvaR) was then proposeghd is gaining its popularityAlthough CVaR has not become a
standard methodology in the finance industry, it has lpgewen to have better mathematical
propertieghan VaR such adransitionequivariant, positively homogeneous, convex, monotonic
(Pflug 2000, Rockafellar and Uryasev 2006urthermore, with the technique proposed by
(Rockafellar and Uryasev 200@yhich calculates VaRand optimizes CVaR simultaneously
taking into shapeCVaR is ready to be combined with analytical or sceAaaed methods to be
applied in optimizing risk controls for all different industr{ggokhmal, Palmquist, and Uryasev

2002)

We will apply the concept of CVaR as the measure for tisiaughoutthe whole dissertation,
and the technique which defines acatled F function will be utilized to mathematically
transform the optimization problem to a solvable linear programming. Detailed definition for

CVaR and the derivation for the F function are summarizégppendix A
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Chapter30f ft ake Strategy f-Dar Vi nd

Power Whol esal e Mar ket

3.1Introduction

With higher penetration of renewable enesgthe structure of the power system is changed
accadingly in terms of its suppidemand equilibrium anthe allocations ofdifferent sources of
power supplies.Hence the shotierm power offtakestrategy for renewable projects to be

integrated into the existing power market needs to be scrutinized

In the U.S. deregulated power market, wind Independent Poweduéar (IPPs) ar&eatedas
generating companies (GENCOs), and are obliged to follow the rules of thAHead (DA)
forward market and the Re@lme (RT) balance market. Although there exist numerous research
and mature decision systems for the tradalopower plants to arrange their production and
offtake plans (Carridh et al. 2007) the strategiesneed ¢ be reconsidered andlesigned
specifically for wind projects, due to theiverarching attributethat aredifferentfrom traditional

power plants:
1) Low Variable Cost

Wind power has high ufront cost (investment cost) and fairly low variable cost. Bezausst
of the variable costome fromannual fixed expenses, such as insurance and regular maintenance,
the marginal running cgstvhich are gually fuel cosfor traditional resourcegre seemo be very

low, even zergAckermann 2012)
2) UncontrollableGeneration Quantity

Sine wind power is a natural source, oageoject is designed with a fixed structure and capacity,
the power generation quantity is mostlgpendent on the sufficiency of the wind enerfiye

magnitude and timing of variable generation output is less predictable than for conventional
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generation(Ellis et al. 2012) The only catrollable variable from the project owner side is the
availability of the system, whicls usually maintained as high as about 98% for offshore wind

projects.
3) IntermittentNature

Wind power is an intermittent energy soukgbich is not easy to predict. The daily ahdurly
variations are significant, which introduces a high uncertainty in the availability of-wind
generated power even within relatively short time horizWERC 201@). As a result,the

energyoutputfrom the wind projecfluctuates on all time scalellis et al. 2012)

For traditional power plants such as coal and nuclear plants, their ists@egto maximize the
profit by making bidding plans for the generation amount and schedule based on their own
manufacturing cost and estimation of the market sugptpand equilibrium. For wind IPPs,
since all the generators are priedkers and they haveery low generation cost, ibecomes
obviousthat they willjust try to sell as much as they generate at the given price. However, since
the generation amount solely deds on the actual wind resouytkee bidding strategy they make

in the forward marketould result insignificantly high uncertainties when they realize the profit

in the realtime market together with the volatility of thelectricity spot price. In practice, wind
IPPs usually bid at the 50 percentile of their generation estimation famirang the expected
profit. Thefailureto consider the possible risks and the corresponding probahigittae main
reason why the project developer cannot justify the sustainability, and wnvéstment parties

are concernethat the current sheterm strategy could undermine the ovepadijectprofitability.

In this chapter, we will propose a general optimization model to design wind project bidding
strategy under stochastic environment. Aetnm of Conditional Value-atRisk (CVaR) is
proposed as the measurethe risks of project revenudhe project developds expected to
adjust their bidding strategies with uncertainties taken into considerdgsentially, the

uncertaintieccomefrom four parts: the uncertain windsaurce, the uncertain electricity price,
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the forecast erroof wind resource, and the differences of electricity price between thahdsad

market and redime market.

3.2DerequlatedPowerMarket

In April, 1996, theFederal Energy Regulatory Commission (EERof the U.S.issued order
N0.888 and order no. 889, which were known as the deregutatirestructuringpf US electric
industry, which "promoting wholesale competition through open access-dismmiminatory
transmission services by public utilitig6"ERC 1996aand "establishing and governing an Open
Access Sanmime Information System (OASIS) (formerly re#@the information networks) and
prescribing standards of condu¢FERC 1996h) Prior to the deregulatiorthe U.S. electricity
market is a commarandcontrol industry. Th energiesare generated, transmitted and
distributed byvertically integratedentities, who own and control the whole systarhject to full
regulation.Electricity comsumerson the other handhad little or no choices regarding the sources

of electriciy they are buying.

The deregulated market was established aiming to maintaiwgderm consumer welfare, which
relies on acomplete competitie electricity wholesale market, providing a platform with
competition todraw efficient investmenti new geneation and to better managige operation
capacity Some basieconomic efficiency criteriare proposed when the market was taking into
shape, ibid-lcaken, diseaurgyconstrained, a n @&corfomic dispatch with nodal prices
(Hogan 1997)In order to meet the criteria, Independent System Oper@8®s) andRegional
Transmission OrganizatiofRTOs) were established to coordinate, control and monitor the
operation of theegional electrical powesystem.Figure 3-1 is the map of nine North American
ISOs/RTOs. All these ISOs and RT&erve twethirds of electricity consumers in the United
States and more than 50 percenCahada's populatiofCouncil 2011) Some of theiloperaton
zone covers a large geographic area with multiple states, while some regslatgeU.S. or

Canadiartate
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Figure3-1 Nine Major North American RTOs/IS@€ouncil 2011)

ISO/RTOs play importantoles in the deregulated power mark&ts a matter of factwithout

such independent entés as ISO/RTOs, the independent operation of the grid canbet
guaranteedn the power market operation, ISO/RTOs are required to be working as independent
middlemen between individual market participants, such taansmission companies
(TRANSCOSs), generation companies (GENCGdiktribution companies(DISCOs) and end
users.In order to operate the competitive markéficiently while ensuring the reliability of a
power system, the ISRTOs establish sound rules on energy and ancikaryices markets,
manage the transmission system in a fair and nondiscrimintatsimon, facilitate hedging tools
against market risks, anmdonitor the market to ensure that it ied from market powefM.

Shahidehpour 2002, Shahidehpour, Yamin, and Li 2002)

GENCOs are entities that operate and maintain existing generating plants. They may own the
generating plant or interact on behalf of plant owners with other entitieSGENECOs havehe
opportunity tosell electricity to the power markdtom which largecustomers such as DISCOs

and aggregators may purchase electricitynget their needsGENCOs may also opt to sell

electricity to entities with whom they have negotiat@thteral paver purchase contrac(/.

31



Shahidehpour 2002)n the electricity wholesale market, GENCOs are patrticipating as electricity
suppliers, selling their product to meet the demand from the buyers to realize the trading. Before
the market deregulation, GENCOs typicallasdd the ownership or affiliation with other market
participants, such as DISCOs (usually known as electricity utilities). While witlrbegy
Policy Act of 1992 (EPAct)anda series of orders issued in 1996 and 2000, the U.S. Federal
Energy RegulatorfCommission (FERC) mandated that utddwned transmission systems be
openly accessible to wholesale generators. ThereblterUtility Generator(NUGSs), known as
Independent Power Producers (IPPs) grew dramati@dlgman 2012)The introduction of IPPs
contributes greatly to the diversification of both the supply and nature of energy production,
assiss in the introduction of new skills and d&d into the industry, and improveghe
benchmarking of performance and pricifigskom 2013)Although IPPs are typically smaller in
size comparing with utilistowned GEN®s, they are specifically suitable types for developing
renewable energy projects. In faitte development of wind projexin the U.S. is predominantly

driven by IPPgHahn and Gilman 2013)

In order to design an efficient market to realize the reliability and the sustainability, theoretic
models evolve quicklyhrough the power market restructuring process, and two magoket
brancheemerged and were implemented for various marketisé United State@Vilson 1999)

One is the shoierm wholesale market structure, sometimes is also called a PoolCo market,
which is essentially built with a o&ralized pool where buyers and sellers are competing for the
resources, and the power are produced and dispatched with a single (spot) price based on some
economic rulegM. Shahidehpour 2002, Shahidehpour, Yamin, and Li 2000#& other one is a
bilateral structure, where buyers and suppliers reggotiating and signing bilateral power
purchase contract by themselves with desired contract terms. Both these two structures have their

pros and cons, and there should be different strategies for IPPs to participate in diffareinés
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In this chapter we will first discuss about the offtake strategy for wind projects in the-tront

wholesale market, and the lotgym bilateral relationship will be analyzed in the next chapter.

3.3Trading Scheme of theShort-term Power Wholesale Brket

Among the manyeconomic tools fomaintaining the competitive market andtigating market
powe, such as monopoly and monopsoisyatwo-settlementapproach where deghead forward
transactions, and retilme balancing transactionare settled sequentially at differeptices.
Hence therevasestablished two marketonstructing the sheterm equilibrium, the Dayahead
Forward Market (DA for theabbreviatio), and the Realime Balancing Market (RT for the

abbreviation. Figure3-2 shows the decision process of the two markets.
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Figure3-2 Decision Process of the DA and RT markets

The DA market is a forward market forheduling resources at each hour of the following day
(M. Shahidehpour 2002, Shahidehpour, Yamin, and Li 2d82yers and suppliers offer and bid

for the electricity, with the price and amount, based on their own strategy, and get virtually
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di spatched based on I SO/ RT Qised(a dgingle prise fornall a b o ut t
participants in the same location for each hour) and respective amount for the specifithaour.

dispatch schedulim the forward market arfinancially and physically binding which means the
scheduledsuppliers must produche committed quantity or, otherwise, buy power to balance

their positionsatthe actual delivery time poinLikewise, wholesale buyers of electricity pay and

lock in their rights to consuntbe quantities cleared at the forward prices.

To ensure the rebility of power systems, thproduction and consumption of electric power

must be balanced in retine. However, reatime values of load, generation, and transmission

system can differ from forward market schedules. Therefore, thé¢imeainarket isestablished

to meet the balancing requirement t hat 6 s why it i s .lathesrealtimeg!l | ed bal
the imbalance, both for the supply and the demand side, will be reconciled based ontiime real

equilibrium in terms of the RT clearing pricand the dispatch amount for each GENCOs. The

ISO/RTOs act as important intermediates or facilitators between supply and demand in the

balancing market.

The twosettlement system is designed to recognize the critical characteristibe @owver

system, tooperate th power system efficiently, and to utilize prices and associated incentives

that are consistent with efficient operati@dogan 2002) Theoretical analysis and empirical

evidence suggests that forward trading reduces the incentives of sellers to manipulate spot market

prices by reducing thgulnerabilityof sel |l er 6s profits to spot pric
market is viewed as an effective way of mitigating market poweead time(Kamat and Oren

2004)

There are numerous theoretical practical researches about electricity pricing. Given cost of all
GENCOs on the network, demand and network topol@gghweppe et al. 198®riginated the
theory of competitive electricity locational spot prices using an optimal power flow model, with

the objective of minimizing the total cost of generations. In the later stuglipply function
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competiton (Klempererand Meyer 1989)and CournotNash Equilibrium (Hashimoto 1985,
Harker 1986)are two typeof conjectural variations models used to represent energy markets.
Greenused supply function equilibrium to describe the electricity spot market in England and
Wales soon after deregulatigGreen 1999)He depict the situation wheraeh firm submits a
non-decreasing supply function specifying the quantity it is willing to provide at a given price,
and solve the supply function equilibrium (SFBdlle considers the reaction of consumers to the
average spot prices, and finds a contmuaf equilibrium in all case¢Bolle 1992) He then
extends the earlier research to consider command side bidding, and finds that increasing number
of suppliers and demands results in more competitive beh@die 2001) Smeers and Wei
assumes the market to be a Cournot competition and proposes a spatial oligopolistic electricity
models to study the opportunity cost transnoisgprices(Smeers and Wei 1997They further
expanded their models toonsiderthe regulated transmission pricesd solve the Nash
equilibrium by developing spat models for the electricity markélingYuan and Smeers 1999)
Hobbsassumes linear demand and cost functions, and establishes a mixed linear coraptgment
problem for solving Cournot market equilibrium in the bilateral and centralizedC&quiwer

market(Hobbs 2001)

In a competitionpower marketit is usually assumed thaellers and buyers are very ain

compared to the market sizberefore no participarg can significantly affect the existing market

pricethrough their bidding behavior. In addition, each generatiznpany plays a Nash game in

the quantity they are bidding, which is equivalent to the situation where GENCOs are assuming

that other firms will not alter their outpuds a NashCournot gaméHobbs 2001) The bidding
strategies then can be obtained by deriving fir
market clearing conditions and solving them simultaneouslysolution satisfying these

conditions will have the property that no participailt want to alter its decisions unilaterally,

reaching a Nash equilibriunsmeers concludes his survey of gas and electric market models by
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arguing that explicit statement and solution of equilibrium conditisres promising theoretical

and computationapproactto modeling strategic behavi®meers 1997)

Given the information from all offerings and biddingse tkpot price at which each participant

can sell or buy elddc power is essentially given by the equilibrium where supply nasstsand,

and ISO/RTOs are responsible for declaring and adjusting the price, as well as the dispatching
schedule to maintain a fair and economically efficient market. In thaldesd market, the price

is calculated on an hourly interval, aisdusually conprised of three parts: the energy price, the
congestion cost, and marginal losses. Typically, the energy price stimaisame in the whole
power system, while the congestion price and marginal losses depend on the topology of the grid
network, and constints of the transmission capacity. The latter two are much smaller comparing
with the energy price part. For simplification, we assume there is no congestion cost or marginal
losses, hence the total price remains the same for all GENCOs in the systehealihg price is
calledlocational marginal pricingLMP) or nodal pricing and theoretically is the shadow price

or dual price reflecting the increase of total cost of the market with relaxing one unit for each
corresponding constraints for differgurticipantgLitvinov 2011, Schweppe et al. 1988) the
scheme of LMP, generatids dispatchedrbm the lowesbidding price, and then the next and so

on until the supply and demand are met. InNlashCournot equilibrium case, GENCOs usually
assume that others will not alter their sales, hence they make their decisions based on their
marginal genetion cost. Therefore, the LMP scheme can be treated as the price discovery
mechanism that the generation dispatch is imerit order of cost of productipmvhich first

dispatclesthe generation from the least marginal cost GENCO, and then the next@md so

In practice, the LMP has been used in many deregulated markets, most notably in the east coast
of the U.S. power market, such @hePJM Interconnectiorlew York, andNew England
markets.Figure 3-3 is an example of the supply and demand curve for a typical deregulated

power marketOnce thefacility is built, themarginalcost of productiormainly represerd the
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costfor fuel. Hencefor wind and other renewabbnergies, thenarginalcost of productiorcan

be regarded asery small or even negative, if considering the credit or subsidiesrefore, as
shown, the bids from wind power and nuclear enter the supply curve at the lowest level owing to
their low margnal cost, followed by CHP plants, while condensing plants and gas turbines are
those with the highest marginal cost of power producfidckermann 2012)In general, the
demand for power is highly inelastic, which means the demand is not sensitive to the change of
the supply.
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Figure3-3 Supply and Demand Curve of a Deregulated Power Makkigiptedfrom

(Ackermann 2012)

In the DA market, bidding and offering are regarded as virtual trading, which helps buyers and
suppliers to lock the price for the specific houthe second day, and hedge the price volatility.
While in the Reallime market, the trading are real transactions and transmissions. GENCOs
materially deliver the electricity they generate to the grid and distributors and utilities get the
power from the dgd. ISO/RTOs facilitate the retime equilibrium, by updating the information

from the actual supply and demand, sending price signals to both parties, and declare real time

clearing prices. According to the hourly scheduled RT LMP, GENCOs get settlgdaeioRT

37



generations. For a wedlrganized power market with no market power, the RT LMP should not
deviate too much from the DA forward LMPigure 3-4 is a typicalplot for DA LMP and RT
LMP from PJMG6 qPINMN2002kAs tshowneRT A MR is greater than DA LMP for

about 12 hours out of 24 hours in a day.
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Figure3-4 RT LMP and DA LMPfor a typical day in PIJM markéPJM 2012)

The RT balancing market is a flexible mechanism that helps to adjust the imbalance sdpply a

demand from the forward market. Here are some examples of how it works:

If the RT supply is larger than the RT demand, then the RT LMP will be larger than the DA LMP.
This is an incentive for GENCOs to increase their generation capacity to meet thadgdem
because the marginal cost is less than the marginal profit, assuming in the forward market,

GENCOs are bidding at their marginal cost.

Similarly, if the RT supply is less than the RT demand, then the RT LMP will be less than the DA
LMP. In this casethe GENCO that is with the highest marginal cost will have the incentive to
reduce its generation, since the penalty of not fulfilling the bidding amount will be less than the

saving from reducing the generation.

If supply and demand remain the same, lmme of the GENCOs cannot fulfill the obligation,

then there will be additional supply requirement from other GENCOs. Then the RT LMP, which
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is the marginal cost of the additional supply is expected to be larger than the DA LMP. The DA
LMP is settled as petties for the GENCOs that fail to meet promise, and is larger than marginal

cost for those GENCOs.

Same situation happea the GENCOs when they generate more than they bid, then there is extra
supply than demand, causing the RT LMP decreasing, thea Wikrbe a lost accordinglyin
these two cases, there is no incentive for GENCOs to unilaterally change their generation unless

they have to.

All these rules apply to the wind IPPs, but it is more complicated because they have no control
over their genation. Once they bid in the forward market, their real time settlement will be
purely dependent on the actual wind resource. Their strategies, unlike other traditional GENCOs,
will be to decide how much they bid in the DA market, based on their foresigtad of their

actually generation. Detailed decision making process will be discussed in the following part.

3.4 Offtake Strateqgy in the Energy Wholesale Mark&ir Wind Projects

We now consider the situation where tiend IPP sells all its power generatioto the energy
spot market. Consider a typical®Jpower marketvith the PoolCothe procedures for theind

IPP to sell its electricity are:

1) Bid in the dayahead (DA) market for both the quantity and price of each hour for the next

day
2) Be informed of the DA schedule, taking the b&ational marginal pricingcleaing LMPS)
3) In the realtime (RT) balancing market, gpaid DA LMPs for DA scheduled generation

4) Getpaid at RT LMPs for any generation that exceeds the-alagad scheduled qudies,

while will pay for generation deviations below tkeheduled quantities.
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3.4.1 NashCournot Equilibrium in the Dayphead Forward Market

In the dayahead market, assume all GENCOs are patrticipating and bidding based on their own
profit maximization, the B clearing price, a.k.a the DA LMP will be decided based on the
equilibrium of the supply curve and the demand forecast, therefore, the amount get dispatched in

the DA market will be decided on the aggregation of all biddings from the GENCOs.

We consider simplified case, when there are only two GENCOs in the market, dmeviénd
project, and the other one #straditional power plant, their dispatched amounf} i@ndn .
Assume the demand is a linear function of the total supply amountythen T O n

The market follows a Cournot duopoly competition. The equilibrium will be reached when the

two players follow their own profit maximization strategy.

For the wind project, since the variable cost can be asktorieea small constanthe houly

bidding strategy can be expressed as:

CHAY- SN BT T N (3-1)

Whererj is the decision variable, amd represents the forecast mean of the generation amount
for the certain hour. \& follow thelSO/RTGs 6 r u wiadsprojech carinot bid more thahe

forecasted meatime DA market.

Similarly, for the traditional power plant, the problem is also to maximize its profit, only

difference is that it has a generation cost, which usually can be assumed as a linear function to the

generation amoumt 3 . Therefore, the problem can be writtas:

aoe | T o ;AN TN (3-2)

&3
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Here0 represents the possibleaximumgeneration capacity of the plant, it can chose to bid up

to that amount in the DA market. Solving the problem for the two players, we can have some
observations.

With individual optimization models built, we can combine the two problems, and solve the
equiibrium for the market.The nonlinear program can be transferred into a nonlinear
complementarity problem via its Karugtuhn-Tucker (KKT) conditions(Gabriel, Kiet, and

Zhuang 205). Therefore, we use complementarity method to solve this problem after proving its

optimality sufficient by KKT conditions.

Letd andd be the Lagrangian multipliers for problg@1) constraints, and ando6 for
problem(3-2) .Then KKT conditions for the two problems, can be writteri@ebriel, Kiet, and
Zhuang 2005)

gn tqn | 6 o m (3-3)

dn ftn | 1 6 o6 m (3-4)

m o6 Ud [ =

These two problems can hembined and improved as ordon-linear Complementary

Problem(NCP):
1 1 gn tn | o6 o
0 0 N
vo O v & 5 n f a
o a?%na agq o1 ot 6 oa B
0 0 n

Solving the problenby assuming different parameters ﬁ)r,f) .| ,T , and’ , we canget the

solutions for different situations and sensitivity analysis:
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Table3-1 Solution for NCP model and Sensitivity Analysis

Dispatched Dispatched Total DA Cost for Profit Profit for
Amount for Amount for - " for -
Q1 Q2 ) Byl 7 - o Demand | Clearing | Traditional - Traditional
Wind Traditional . Wind
. Met Price Plant2 - Plant
Project Plant Project
15 | 500 | 250 | 0.2 | 100 15 367.5 383 174 36750 2603 27011
50 | 500 | 250 | 0.2 | 100 50 350 400 170 35000 8500 24500
70 | 500 | 250 | 0.2 | 100 70 340 410 168 34000 11760 23120
110 | 500 | 250 | 0.2 | 100 110 320 430 164 32000 18040 20480
50 | 500 | 250 | 0.2 | 50 50 475 525 145 23750 7250 45125
50 | 500 | 250 | 0.2 | 100 50 350 400 170 35000 8500 24500
50 | 500 | 250 | 0.2 | 150 50 225 275 195 33750 9750 10125
50 | 500 | 200 | 0.2 | 100 50 225 275 145 22500 7250 10125
50 | 500 | 250 | 0.2 | 100 50 350 400 170 35000 8500 24500
50 | 500 | 300 | 0.2 | 100 50 475 525 195 47500 9750 45125

From the simple numerical solution, and the sensitivity analysis, we can observe that the wind
project will always be dispatched the upper bound that it is allowed to bid, due to its zero cost

for power generation.

The sensitivityanalysis checkthe impact of the penetration level to the market, which is defined

as following:

508 061 D ‘m'o‘d QGO INNEEALINQ T ¢ 6 O QI
V] € O | uwlov €€ T s~ T s o~ o~
YE OGO QWO 1 Qw Qo w

We change the penetration level from the range-efh— ¢80 Hp Y B from low levelto

high levelof penetration. The higher the penetration level is, the less power the traditional plant

will be dispatched, and the clearing price for the-alagad rarket will be reduced accordingly.

The influence of the wind project to the existing market can be illustrated through the following
Figure 3-5, wherethe power market is relaxed to a more general situation which include all
different kinds of power plants. With additional power resources from wind, which has very low
generation cost, all the existing supiyrve (dotted curveyill be moved towardsight (solid
curve) which means some higheost power plant Wi lose some demand accordinglyhe

supplydemand equilibrium will be changed, the price will decrease, and the amount will increase.
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Figure3-5 New Balance of Supply and Demand for the Power Market with Wind Resource
Adapted from/Ackermann 2012)
The change of the demand curve can be regarded asddanadifferent time period during the
day. Since the power generated by the wind pr@gdtother intermittent renewablase always
first dispatched, the change of the market demand will only affect the generation dispatch of the
traditional plants. Heever, the market clearing price is changed accordingly, which will

influence the revenue for the wind project.

Another important observation is that no matter how much the wind IPPs bid in the market, all
the bidding amount will be dispatched. This pheanon can be easily explained as follows:
since the marginal cost of wind project can be regarded as zero, the wind IPPs will always bid at
zero to maximize their profit, while all other GENCOs are bidding at their marginal cost, which
arelarger than zerdWith a relatively low penetration of wind, the demand will be firstly met by
wind, and then other resources, according to the toitér. In the end, the market clearing price

will be strictly positive, and aklectricitygenerated frorwind resourceawill be dispatched.

3.4.2 Revenue Optimization in the Rdame Balancing Market

After all the bidding amount and the DA clearing price declared in theAbawnd forward
market, all GENCOs are delivering their generation and realizing their profit in thel Real

balancing marketlf there is an imbalance between the generation and the real demand,

43



ISO/RTOs will search for a new equilibrium based on thetiga demand signals and the day
ahead supply curve. Meanwhile, GENCOs will keep eyes on their achexbgjen situations and
communicate with ISO/RTOs through amount and price signals. A-TReal Price will be
declared at a-min intervat based on the updated balance, and for GENCOs, the imbalance
between the redlme delivery and the daghead dispatcschedule will be settled based on the

RT priceat an hourly basis

With this procedurethe only decision the wind IPP should make is the generation amount to bid
in the DA market)  for every hourIn the traditional bidding strategies, profitalyjilitemains

the prior objective. Advances have been achieved in the literatures proposing methodologies
aiming to improve the expected profit. Since the fundamental problems wind IPPs are facing is
the uncontrollable and unpredictability of wind resourceerothe last decades numerous
researches have been proposed in the meteorologytgsitaldomain focused on how to better
forecast the available wind resou@®u and Hong 2007, Costa et al. 2008}hile forecasting

still will never give perfect results, especially over a longer time interval (e.g. daily), another
direction is to mathematically design the strategnsidering different market mechanisms
through stochastic optimization framewoifgatevosyan and Soder 2006, Rahimiyan, Morales,
and Cong 2011) The fundamental concept of this framework is to treat the uncertainty of the
wind resource by considering possible scena(®athurst, Weatherill, and Strbac 200Q)
sampling from the probability distributior{®inson, Chevallier, and Kariniotakis 200%) this
research, the idea Mllowed, and the stochastic optimization model is studied further to be

integrated with another evaluation metric measuring the project revenue risks.

Different with traditional power generators, the variability and uncontrollability of the wind
resource together with the volatile electricity price, could cause a high volatility for the project

future revenue stream. Sometimes the variance could be very high when the wind is not blowing

Typical wupdate interval are & Omiomrut2és mimuW% sl 3@/ RTse.r
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or there is a sudden gust causing the system to shut down. Ifojeetps simply following the
strategy to maximize the expected profit, it could be subject to an extensive loss for some events
with low probability. As a matter of fact, the potential volatility of tteesh flowhas become one

of the key problems prevang wind projects to participate in the merchandise wholesale market.

A specific mechanism for project risk management should be incorporated when planning the
offtakes. Therefore, another important metric of evaluating the offtake strategy for windgrojec

is the stability of the future revenue. The control of the revenue risk is a guarantee for a stable

future revenue stream thus can | argely increase

There are limited literatures measuring risks associatddshiprtterm offtake of wind projects.
Galloway followed the classic risk assessment method, the mean variance, and specifically
combine it with the use of utility function&alloway et al. 2006)Morales and Conejo et al.
proposed the anditional value at risk (CVaR) due to its good mathematical properties when
incorporated with a linear programmifiglorales, Conejo, and Pé&eRuiz 2010) CVaR, as we
discussed in the last chapteasHavorable characteristics especially when it is applied to the non
normal (or nodog normal) parameter@Rockafellar and Uryasev 2000n this paper, we will

follow the latter approach and apply the CvVaR measuring the hourly revenue risk.

We now build the optimization model for wind IPP with the revenue and CVaR calcolated

hourly base. Since the decision making is made int@chastic environment, the objective is to
maximize the expected value of the hourly revanaad we add a constraint of revenue risk,
measured using CVaR. Meanwhile, the bidding amount cannot exceed the expected generation

amount Hence, the problem aiptimizing bidding strategy can be written as:

AaOO®YO B B D (3-6)
| 88

%o 0 0

m 0 00
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WhereY0 R R R s the hourly return, with as the decision variablgg 0 s

the! -level CVaR ford , and is the tolerance level for the risk.

It is proved by(Krokhmal, Palmquistand Uryasev 2002hat this optimization problem have the

equivalent formulations to the following problem, if tNed R R R  is concave, and

% U andthe seb are both convex:

a Q%o 0 *OYD W M (37
[ &8
m 0 00

As discussed in the last session for the-s@tilement market, no matter how much the wind IPP
bid in the DA and the RT market can be totally dispatched. Andrihedecision the wind IPP
should make is the generation amount to bid in the DA markefor every hour, whatever is
the imbalance of the actual generation will be settled in the RT maheethdurly revenue

YO R R R canbewritten as:
06 01D Q¢ 6QD 0 D0 O (3-8)
0 D 0 YO 20 0

0 P 0 » 0 D WO 0

Where:

0 Day Ahead Clearing Price

U] Day Ahead Bidding AmounDecisionVariable

U Real Time Clearing Price

V] Real Time Generation Amount

Y0 Difference between Real Time Clearing Price and Day Ahead Clearing Price

Y0 Difference between Real Tin@eneratiorand Day Ahea®idding Amount
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Usually, the Dayahead maeet price is decided by the market equilibrium, and not influenced by

each GENCO, hende and0 can be regarded as independent. Meanwhile, the difference of

the market price are based on the market situation, while the forecasting error ofvdre po
generation i s only rel ated t o individual powe
turbulence, henc¥d andY0 can also be assumed to be independge. expected value for the

hourly revenue for the wind projeist
oYL M W 00 00 0oYh 20Y0
On the other hand, the CVaR risk functién O , by definition, measures the conditional

expectation of théourly loss (negative revenuajsociated with  relative to thalossbeing

| 0 or larger. Therefore it can be written as:

%o 0 p 1 (3-9)

YO B O A0 MM W WD

Where] ® & 'Q& Nad oh T, which is usually refeed to as theValue-atRisk

(VaR), defined as the left endpoint of the nonempty interval consisting of the vatues that

ah f.With'Yd R R 0 D 0 20 0 ,then

C

%o (3-10)

RO MM D DD
The bidding strategy is related to the exogenous parameters of the market and the wind resource.

If the parameters are deterministic, the bidding strategy of every hour can be easily solved. If the
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parameters are stochastic, then the bidding strategy eavlided through sampling multiple

times from the distribution or historical data.

3.4.3 ModelSolvability

In order to deal with the troublesome mathematical properties pf-€¥aR, (Rockafellar and
Uryasev 2000)proposed a methodology by defining a simpler expres€oafi  with its
convexity in the variablg, and it is proved later b{Krokhmal, Palmquist, and Uryasev 2002)
that instead of determining a vectothat yields the mininzation for the combination of-
CVaR and the expected profit, one can equivalently minimize the combinatiGnedf and

the expected profit.

Applying this methodology, we define tiefunctions of the CVaR problems as follows:

o0 h | p (3-11)
0 D 0 D 0 | N0 M M B D D
h h ~a
Where
o 0O LM Th

m oMo 18

In the problem(4-21), if the parameters ¢f ,0 , andd are known as deterministic, then

"O0 h is convex and continuously differentiable aguaction of| , hence the bidding
strategyd  can be solved directly by taking derivative oéind let it to be zero. However, there

is no chance the parameters are deterministic when the bidding is made, then some sampling
process should be taken in terms of epafameters based on their known distributions, or from
historic data. In this problem, the sampling process will generate three series of vectors

0 M M KhQ pHE O respectively fronthe distribution of actual electricity generation,
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day-ahead market price, and rdmhe market price, then the corresponding approximation to
00 h s

(3-12)

Although this expression is not differentiable toit is convex and piecewise linear with respect

to| . Hence it can readily be minimized, either by line search techniques or by representation in

terms of an elementary linear programming prob{Backafellar and Uryasev 2000

With this formulation written, the objective function of the original problen(3ef) can then be

expressed as:

§or —P I R T e _
v p f V]
(3-13)
0) 0 0 D C 00 D

We further define another series of auxiliary real variallleBQ pf8 i) , to replace the

maximization functiono , and add corresponding constraints. Therefore, the probl€srrpis

equivalent to the following lineaxpression:

a Qe 5o 1 . 5 0 0 } 00 D (3-19

,and0 are all stochastic variables.

Wherel and| are decision variables, and , 0
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With all the above mathematical techniques, the complicated stochastic problem is translated into
a linear programming. Although the problem size depends on the spekiftbe problem

formulation is readily solvable using commercially available software.

3.5Case Study for Cape Wind Project

3.5.1 Overview ofCape Wind Project

Cape Wind projectproposedon the Outer Continental Shelf (OCS) offshdviassachusettss

the first offshore wind projedhat has beeapproved irthe U.S. coastal watetsThe project area

is |l ocated in Federal waters between (Fgagpe Cod,
3-6). As an IPP,he project developeLape Wind Assoaites, LLC (CWA)plansto construct and

operate 130, 3.6 megawatt (MW) wind turbine generators, each with a maximum blade height of

440 feet(80m), on Horseshoe Shoal in Nantucket SouRijure 3-7). The faci |l i tyds
nameplate capacity will be 468 MWs, and with an average anticipated output of 183 MW, it will

supply up to 75% of the electricity needs of Cape Cod and the Islands ofMhaés Vi neyard

Nantucket.

Ve rmolnit

M alsis alc hiiisieitit's

Worcester.

[:Providence Taunton

Wanwicke: ~4Fall

New Bedford

Blockilsland

Figure3-6 Cape Wind Offshore project. Sourc&oogle Map.

50



{ B4

Figure3-7 Location andl'urbine Arrayfor Cape WindEnergyProject Source: BOEM.

The Cape Windproject is how undergoing the project financing phase, with two PPA contract
already signed and approvedovering 77.5% of the total project capacideanwhile, the
remaining part of the project, 22.5%, will be soltaugh the spot market which is in the

operation area of New England ISO. The time frame of the project is showrFigtine3-8.

Federal
==  Permitting completed in == Financing Phase
April
- L Cape Wind / National Grid - Project be partially
State abd Local Permitting —  PPA Approval Upheld by commissioned

Completed in 2009 Massachusetts Supreme

Judicial Court in December

2009 2010 011 2012 13 14 2015 2016 2017
Constructi i
Cape Wind granted first nstruction Begins
U.S. commercial offshore . X .
wind lease, October, Cape Wind P_PA with NSTAR PrOJecl_: be fully
approved in November commissioned
Cape Wind Construction &
== QOperations Plan approved
in April,

Figure3-8 Timeline for Cape Wind Project

3.5.2 Data Collection ofCape Wind Project

Out-of-sample analysis, which essentially uses one data set to derive decisions and another data
set to test the efficaciousness of the decision on actual operation, is going to be the method we

use for the case study. For the Cape Wind project, the alateedr 2009 to 2012 are set as the
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sample, and the decisions made from those data are applied for year 2013 actual data to test the

performance. Specifically, the following data sources are identified:

1. Wind resource for the project location:

There is a rateorology station located very close to the project site. Historical antimeatiata

for wind speed and wind direction is available from the National Data Buoy Center online
databas¢NOAA 2013) from March 2009 until present, at a-tfin interval. The data is captured

by a buoy as shown in tikégure 3-9 from the National Oceanic and Atmospheric Administration

(NOAA) system. Since the buoy is at the sea level, while the wind turbine for the project is at the
height of 80m, wind speed will be modified according to the vertical wind profile rediewthe

Chapter 2As alsoevi ewed in the | it er atucuwtewlentlytima wi nd
long-term time framehencethe data from more than four years will be sufficient to estimate the

monthly wind resource distribution.

Owned and maintained by National Data Buoy Center
3-meter discus buoy
ARES 4.4 payload

41,443 N70.186 W (41°26'35" N70°11"11" W) Coskata-Coatue

Nanfucke!
Site elevation: sea level Sound WAL
Air temp height: 4 m above site elevation ge
Anemometer height: 5 m above site elevation &
Barometer elevation: sea level
Sea temp depth: 0.6 m below site elevation
Water depth: 9.6 m -('*!"-5{3-[3 Map Dats - Terms of Use

Watch circle radius: 100 yards

Figure3-9 NOAA Buoy Station 44020 at Nantucket SouiNiDAA 2013)

Due b the seasonality at the lotgrm scale and turbulence at the shierin scale for wind data,
detailed statistic regression procedure are designed. Specifically, for each hour, a window for plus
and minus one hour, and plus and minus fifteen days ofadhbk three years is applied to regret

the wind speed Weibull distribution,

2. Technical Data for the Wind Turbine
This project is going tbuild 130wind turbines that are manufactured by Siemeash with3.6

megawatt (MW)nameplate capacity. All the tewical specifications for the turbine S\ABI6-107

52



are available from®nenés br ochur e. I n particul ar, t he

Table3-2:

Table3-2 Specifications for Siemens Wind TurbiB8/T-3.6-107. Data source(Siemens 2011)

Hub Height 80m Nominal Power 3,600 kW
Rotor Diameter 107m Voltage 690 V
Swept Area 9000n7? Cut-in Speed 3-5mis

Pitch Regulation
with Variable Speec

Blade Length 52m Cut-out Speed 25m/s

Power Regulation Nominal Power 1314 m/s

Meanwhile, the power curve is also providedFagure 3-10, with which the power generation

and corresponding efficiency from the wind turbines can be estimated more accurately.

4000 _
3500 {

3000
3 2500
= Rated Speed Cut-out Speed
g 2000 _ 13.5 m/s 25 m/s
E 1500 Cut-in Speed
=9 4 mis

1000

500
0 i
0 5 10 15 20 25 30

Wind Speed (m/s)
Figure3-10 Power Cure for Wind Turbines of Cape Wind Project. Data souf&mens 2011)

3. Market information of electricity price

The project is located in the operation area of New England ISO, which is one of the nine major
North American RTOs/ISOs, as discussed in secdi@n As regulated by the Federal Energy
Regulatory Commission (FERC), New England ISO keeps very detiladbase records of the
electricity market informatiomon its website, such as the hourly DAGRT LMP, starting from
March, 2003(NEISO 2013) These information are critical in evaluating the market value of the
project poduction, and will be treated as the input of the samplingsfeedealtime electricity

price forecast. In the next two chapters, the market information will also be used as the base to

edimate future electricity pricehence evaluate the projeevenue stream.
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Similarly, we use three years of DA/RT LMP data (year 20092) to conduct the forecasting
and apply it to the year 2013 for the verification. Specifically, a window for plus and minus one
hour, and plus and minus fifteen days of eachhefthree years is applied to regret the normal

distribution for the hourly DA and RT price.

With the above information availabldyi$ project is expected to be a perfect case study for this

dissertation to analyze and comptmmughoutifferent strateigs.

3.5.3 Sampling Seeds and Seasonal Trend

Regretted from the thregear data, the parameters for hourly wind speed, the DA price and RT
price can be estimated respectively. The following three figlrigsife 3-11 to Figure 3-13) plot
the regretted mean and standard deviation of these three parameters for edettdymiher

8760 hours) in year 2013.
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Figure3-11 Regression Result for Hourly Wind Speed, year 2013

54



Price ($)

Price ($)

Price ($)

Price (%)

80

9000

70— Standard Deviation
60—
50—

40~

0

20
10

. | | 1

0 1000 2000 3000 4000 5000

Time(h)

Figure3-12 Regression Result for Hourly DA Electricity Price, year 2013
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Figure3-13 Regression Result for Hourly RT Electricity Price, year 2013
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As shown in the resuliall the three parameters hakegh volatility a the hourly baseThe

normalized standard deviatiodefined as , respectivelyrange from35%-65%

(for wind speell 8%-47% (for DA electricityprice) and 10%460% (for RT electricity price).

A strong seasonal trend cafsobe observed from the resgjlboth for the means and standard
deviations.While wind resource showa larger various during fall and springand smaller
volatility during winter and summethe trend for electricity price isn the opposite direction
This phenomenons helpful in eliminating some of the integrated volatilities. But due that the
value of the profin 0 20 0 is dependent on the absolute value of the
parameters, the trend of the elagty price still dominants. Hence is expected that the project
revenuecash flowwill have higher uncertainties during summer and windgd the bidding

strategy will also be expected to sheame relatedeasonal trend.

3.5.4 Bidding Strategy and Risk Atide

One parameter in the model that is to beassbciated with the risk the weight —h_

rip for the conflicted objectives. Tremallerthe_, thelargerthe® is, thus the more weights are
allocated to the risk control, and the more @slerse the wind IPP iSpecifically for the first
hour of Jan.%, we run the model with changing from 0 to 1, with incremental step=0.001, the

results are shown iRigure3-14 andFigure3-15.
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Figure3-14 Hourly! -CVaRof Revenuevith Different Weight (hour 1)
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Figure3-15 ExpectedHourly Revenue with Different Weight (hour 1)

It can be observed that the expectexlirly revenue of the projedecreasswhen_is getting
larger, while maintain within a steady range wheaeaches around 0.2. Similarly, theurly
CVaR is increasingramatically with_, and stagas zero after is more than 0.2. Thereforihe
inflection point_ 1®&, making' T, could be regarded as a reasonable weight to balance the
conflicted objective. A detailed efficiency frontier can be derived with donation of the CVaR

and profit at each.

Sampling fromthe three stochastic parametetise linear programmin¢3-14) is applied to deal

with the shorterm offtale strategy for Cape Wind projdotrr year 2013. The bidding amount for
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each hour is then solved. Mewmile, different risk attitudes terms of the confidence level
are applied. The higher themeans the more risk averse the wind IPP is. For examplergo v
means the wind IPP is trying to minimize the losses that is more than the 95% percentile, thus

less riskis takenfor the extreme cases.

The bidding strategies with different risk confidence levetse shown in thd-igure 3-16 -

Figure 3-18. It is worth noticing that the bidding amount showing in the figure iseéh wind
turbine. Since we donot consider the wake &effe
amount for the whole project can be simply calculated by multiplying the number of facilities,

130.

According to the results, ¢hseasonal trend is obuisthatwind IPP is willing to bid more in the
DA market during fall and spring, when the volatilitytbé trading environmens relativdy low

comparing with summer and winjexs discussed abave
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Figure3-16 Hourly Bidding Strategy with 180 yyear 2013
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Figure3-17 Hourly Bidding Strategy with 18y year 2013
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It canalsobe observed thahe more risk averse (higheonfidence levél ), the less thewind

IPPis intended tdoid in the DA market, and settle more of the offtake in the RT mdrketder

to verify this phenomenon, we nollustrate the relationship between the confidence lgvel

hourly revenue and cash flow risk CVaR. Specifically for the first hour of SJawé run the

program by changing thelevels from 0.5 to 1. The corresponding bidding strategy, hourly

revenue and holy CVaR of the projectcan be calculated, as shownFigure 3-19 and Figure

3-20.
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Witht increases from 0.5 to 1, the bidding amount of the project in the DA market decreases
dramatically from the ceiling for the bidding to zero. The revenue risk is controlled more strictly,
with the expectefl -levellosses changing from around $4,000 to zero, while the expected
revenue is also decreasing accordingly, from around $11,400 to $10,900. This can be understood
as a tradeff between the profit and the risks. Rislking IPPs tentb take the opportunity of the
uncertainty, hoping to make money from the market volatility, while-aigkse IPPs are more

willing to sacrifice the potential profit and control the possible losses.

3.5.5 Out-of-SampleAnalysis/ Performance Comparison

In this part, the performance of strategies will be discussed based on the application of model
solutions (based on the year 268®12 data) on the actual market of year 2013 for the Cape
Wind project. Specifically, we will consider the revenue #pand some atistical inferences for

risks to measure the performance of the strategy we proposed and compare with the other two

traditional strategies and an ideal case:

1) Strategy3 (Proposed Strategy):
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This is the strategy we proposed, and solved by the stocpastiam we built. Theveight® is
4 and theConfidence Levédl is set as 0.%or the case study, whilgoth of the parametersan be

adjusted according to the risk attituafethe wind IPPs.
2) Strategy3 (Traditional):

The most traditional strategy farind IPPs to bid in the DA market is to bid on the best hourly
estimation of the next day electricity generation, which is usually at thep&@entile of the
generation estimation. The performance of this method is not based on optimized decision

makingbut highly dependent on the accuracy of the wind speed forecast.

3) Strategy3 (Baseline):

Another commonly used strategy is to maximize the expected hourly revenue, combining the
estimation for wind resource and DA and RT electricity prices. This syrateg be easily

modeled as follows:

GOO®YO M M W (3-15)
GoOod D 0 00 0
i 88
T 0 00

Whered ,0 ,and0 arerespectivelythe expected mean for the three parameTdrs.result

can be solved directly through linear programming
4) Strategy3 (ldeal Case):

This is an ideal case where all parameters are known to the wind IPPs thus are deétewhams
they are making the decisions. The problem is easily solved by plugging in the actual data as the
estimation for parameters. However, this strategy is not possible to achieve since the forecast

cannot be perfect, the solution is purely derivedcctonparison and illustration.
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5) Comparison of Strategy Performances

With all four different strategies ready, we caonduct the oubf-sample analysis. The
performances of each strategy are to be compared based awtubkerevenue achieved, and the

risks associated with theash flow The revenuecash flowfor each strategy are shown in the

Figure3-21.
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Figure3-21 Comparison of Hourly Cash Flow for Each Strategy

It can be observed from the figures that the winter is the best time for wind projects to achieve
profit, due to the abundant wind resource and high electricity value. However, winter is also the
period wha the cash flow has the highest volatility. The two traditional strate®jies)d3 both

have highly negative hourlyash flow(losses), which can reach aboui p tdollars. This is a
relatively severe problem for small IPPs. The proposed str&egfjectively improves this
situation, where there are very limitesh flowthat are negative, and the biggest loss is

controlled below p p mtdollars. To this sense, the cash flow pattern of the proposed strategy

3 is the best match to the ideal c8se
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Table 3-3 Out-of-SampleAnalysisfor Different Strategies

Variance of Semivariance  0.05percentie Mean of 0.05 Accumulated

Cash Flow of Cash Flow of Cash Flow percentile énnual
evenue

goposed 1.83E+09 4.13E+07 0 -97 7.36E+07
rategy S

;radmonal 1.86E+09 6.27E+07 411 -2470 7.51E+07
trategy &

Ef‘se"”e 1.87E+09  5.85E+07 -50 -1846 7.51E+07
rategy Ss

Ideal

Strategy St 2.00E+09 4.71E+07 0 0 8.06E+07

Some other results of the analysis are shown in the Table 3. The proposed strategy derives the
least variance and sewariance for thecash flow which is the result from the CvaR control
module of the model. Meanwhile, the teftle tale of the cash flowhich represents the potential

losses are of more interests than the general variances. Therefore, a 0.05 percentile and mean for
that part is calculated for each strategy. The proposed strategy shows a dominant outperformance
than the traditional stratexs. Respectively, the mean of 0.9&rcentile cash flow is increased
by|(-97-(-2470))/€2470)|=96%, andf97-(-1846))/¢1846)|=94.7%. However, as a traofg the
proposed strategy also gets the least accumulated annual revenue, abeuB6j/351=2%ess

than the traditional two strategies.

3.6 Effects of Proposed Offtake Stratecgn the Existing Market

The strategy we propose are specifically designed for wind IPPs to offtake their electricity
generation in the market. It is expected to help the winggioto better manage their resources,
and participate in the power market in a more rational way. In the meantime, utilizing this
strategy will also provide soe benefits to the power markiatterms of the electricity delivery

stability, system reliability, and information use.

As wediscussegdthe wind project can basically be dispatchednadterhow much they bid in the
day-ahead market, with only one constraint as not exceeding thetegdpgeneration. In the

traditional manners, wind IPPs are tend to bid as much as possible in the DA market, while have a
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high possibility not be able to deliver the promised generation. With the proposed stitategy,
wind IPPs are tend to be more consd¢ixe, and push their decision making towards the RT
market. The forecast accuracy can be largely improved during this period, and the bidding
amount becomes more reliable. In other words, the strategy reduces the probability that the wind
project will devate too much from what it promises in the bidding. Thigmiportantfor the
systemreliability especially with the increase ptration level of wind resourcé\nd the other

power producers and ISOs can also count on the wind IPPs decisions to adjusouly

strategy, without worrying too much about the variability that wind will bring.

3.7Conclusion

The offtake strategy proposed in tlsisction helps wind IPR®iake decision for hourly bidding
based on estimatioof future uncertain parameteirsciuding the windspeed, the DA electricity
price and the RT electricity price. This approach considers the stochastic nature of these
parameters, which is the key improvement of the two traditional metttaida only consider the
expected valueA stochastic progim is built to solve the probleroy incorporating conflicted
objectives of maximizing the profit and minimizing the riskkich is measured by a metric
called ConditionaValue-atRisk (CVaR). Implementingthe new strategy, the wind IPPs are
expected tmbtain a better balance between the profitability and the volatility of their revenue
streams. The Cape Wind project in Milse U.S. is discussed as the case study. With wind and
electricity price data from year 2009 to 2012, the optimized offtake stradeggar 2013 is then
solved. With a comprehensive eaftsample analysis, the effectiveness of the new strategy is

discussed and compared with traditional ones. Suihrconclusions are duly drawn.
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Chapter40O0f f t ake Strategy floatRW®Anld

Rel ationship

4.1 Introduction

Bilateralcontractlay a critical role in the electricity markashedging tools against the volatile
spot market pricewhile typical customized bilateral contracts are mediarm and are for less
than 5 yeargAnderson, Hu, and Winchester 200i)ere is a type of longerm bilateral contract
(usually with terms of 10 to 25 yearsplled Power Purchase Agreement (PR#ich is
commonly utilized forrenewablesnergy projectsAs a matter of fact, by 2008 over 60% of all
commercial solar projects are financed using HR#nework the number keeps increasing
(Thumann and Woodroof 2009 merican Wind Energy Association (AWEA) repotihat 85%
of the wind power capacity itedled in year 2012 by IPPs was contracted under-leng PPAS,

and only 15% was sold on the shtatm spot markefAWEA 2013b)

Especially forwind projects, as discussed in the last chapter, the uncertaiftibe natural
resources and the spot markeinstruct a volatilgevenue stream. Mostind energy projects
developed byiIPPsare not selsustained, but gendent on the external support regulatory
incentives.Therefore, PPA is a more favorable way to offtake electricity productions since the
buyer guarantees the project developea oértain amounof longterm purchase, which makes

the project more promised in the initialization phasevell-designed bilateral PPA contract will

help IPPs to securthef ut ur e revenue stream thus | argely

bankability for initial financing.

It is, however, a challenge to design and nego@a®PA contract. In practg there lacks a

systematic method for project developers to analyze their negotiation position. Since renewable

energy projects are typicaldeemed asisky and volatile to get initially financed, sometimes the
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project developers have to accept some augeterms requested by power purchasers so as to
sign off as much offtake as possible to get the project st@ut@dnoff 2008) Paradoxically in

the current negotiation and designing proaddengterm PPA, the risks of the project revenue
streamare rarely considered due to the difficulties of forecasting future exogenous factors.
Instead, he typical approach for valuinga PPA is toestimatethe projectedannualcash flow
based on the forecastetictricity price and cosaind then discount the expected future profits by
the cost of capital of the investing frli.khe pr oj ect 6s feasibility is th
the profit with the initial cosfDeng 1999) This secalled discounted cash flow (DCF) approach
needs to be improvefdr wind projecs, especially in the deregulated electricity industry because
(1) it does notaddresghe stochastic naturef the electricity price and thevind resource, which
directly link to the volatility of the project futureash flow and (2) itdoes notcapture the
seasonal pattern of trstochastigparameters, which fluctuate severely within ary®ncethe
pattern iscapturegithe generation capacitan bebetter utilized andhe revenue and riskanbe

better balanced

This chapter will review theurrentpracticeof typical PPAnegotiationsand identify the pros

and consThreedifferentmodified strategies are then propodadludingincorporatingstochastic

programming improving the settlement schedule, and balancing the revenue andaisiedp

both parties to better understand their positions instbhehastic environmenfThe key & the

contract design is thésks of the project futureash flow measured by the Conditiondalue-at

Risk (CVaR). Critical parameters in PPA, such as the electricitepguantity, delivery penalty

and outperformare reward will be determined by thstochastic programming with chance
constraintsrelated tothdo uy er 6 s att i t ud e . Toe perorimagnoei ohdiffereanh e cont |
PPA design strategies wille further discussedased on the case study of the offshore wind

project Cape Wind with oudf-sample validations.
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4.2 Literature Reviews foCurrent PPA Design and Negotiation

In the past timesPPA was a vehicle for utilities to purchase energy from each other in the
vertically integrated power systefiollins, Speer, and Cory 2010§or them, the PPA contract
wasregarded aa financial tool, awapto hedge the riskkom theelectricity market andis only
different with forward contracts ithe contract lengthTherefore, one area wittasiousliteratures

are toidentify and managehe risksthat are addressed by that type of PBéAch as electricity
spot price volatility, networforced outagestransmission congestioand load forecast errors
(Gutiérez-Alcaraz and Sheblé2004, Dahigren, Liu, and Lawarree 2008 key problem of
managing those PPAs is to balance the benefit and risks with a portfolio of co(featson
2011) Themethodologies proposed include fuzzy set thé8ghmutz, Gnansounou, and Sarlos
2002) game theoryFerrero, Shahidehpour, and Ramesh7)98nd stochastic optimizatiqhiu

et al. 2000, Gabriel et al. 200&Xc.

Nowadays, due to the higher demand for developing renewable energiesand moreitilities

are signing PPAs with independent renewable energy producers so as to meet state renewable
portfaio standard{RPS) Moreover, PPA has become a more commercial variant that involves
buyers other than utilities such as schools, government agencies, and business centers that are
seeking green energies. As a result, tHeBés aremore focusing on thphysical delivery of the
Afgreend electricity, dasddcentraetdkimeCghen, and Hetessme per f or |
2007, Hanse2006) where the payments are directly related to the actual delivery of the product,
togetherwith outperformance and penalty term$ierefore, another area that is of more interest

in the researches is thegotiation processf those PPAg¢ANnderson, Hu, and Winchester 2007)

(Powell 1993)nalyzed the contract process assuming that the generator decides on the price, and
the buyer decides on the quantiti@Sreen 1999)on the contrary, assume that the seller and the

buyer detemine the contract quantities and contract prices respectively. Furthermore, an iterative
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negotiation procedure is simulated(ithatib and Galiana 200&ssuming both parties have their

own preference of benefit and risk mesu

The timeframe of the bilateral relationship is also an important factor when both parties are
evaluating the risks of the contrattonger time horizon carry larger risks due to the future
uncertainies from all different aspect¢Anderson, Hu, and Winchester 2008uch as RE
industry poliges new technology developmemind market design renovation. The most common
methodology to deal with the multiple time steps isgerate scenario trees for parameter
forecastingHgyland and Wallace 2001, Pflug 200Bor example(Shrestha et al. 2008lefines

a 256scenario fousstage tree to modehediumterm hydropower generation plannin@arridn,
Conejo, and Arroyo 2007identifies a 7Zperiod scenario tree and uses a scengegauction
technique c#ébd fastforward reduction algorithm to select a subset of scenarios to represent most

scenarios.

For wind project, here are mainly two classes of Pf?Aamely buyedriven and selledriven,
based on the project size, location, and project delivery metfithe contract proposing,

designing and delivering procedure varies from each other.

The U.S. DOE andhe U.S. EPA both encourageind projects and green power development
throughbuyerdriven PPA relationshipgLund, @stergaard, and Stadler 201The weltknown
customersited PPA pattern has been utilized widelythie U.S. government agencies and many
other institutiong EPA 2010, Shah 2011)n that relationship, a site owner intends to develop
some inhouse renewablenergy but they neither he the development capability, nor are
eligible for the incentives such as tax credits. They sign a PPA with a feleqwaject developer,

who is responsible for all the project financing, facility installing, and operation and maintenance,
and only need to pay for the electricity generated through the project according to the price
negotiated in the PPA. The projecvdper, usually owing the project, is able to get paid from

the selling of the production, and benefit from the corresponding credits or accelerated
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depreciationEPA 2013) This type of PPA isimilar to the idea of Energy Management Project
(EMP) or Energy Savings Performance Contract (ESFP8@)ymann and Woodroof 20Q9)here

the buyers of the product/service shop around for the sellers based on their expected benefit, and
the sellers evaluate the profiy loalculating their Net Present Value (NPV) or Internal Rate of
Return (IRR)(Newnan 2004)and give the quote. Those wipdojecs areusually small due to

the limitation of the site and the electricity demand.

Forlargerscale wind projectwith capacities ranging from ten to even several hundred MW such

as industrial offshore projects, the PPParedriven by the project developaxho is usally also

the seller of the productn that type of projecighe developer starisith the project initiation,

get permits, contracts for the designers, manufacturers and other stakeholders. After the project
has a mature plan, proposed schedule, apecedly that the generation capacity has been
determined, the project developer starts to settle their offtake strategiegterm PPA is the
favored optionnot only because the future revenue stieamesecured, but also that the offtake

can be prologed to a monthly even yearly base so that the -short volatility can be
smoothened ouflherefore, the project developers usuallythreir best to lock as much as their
offtake with PPAs, and the remaining capacity will be sold to the spot mélvkétthese PPAs,

the projectds fut ur arethekegconcarns whemthepmjechdevielbpersy r i s Kk
propose the contract, and seek for buy@enkins and Lim 1999)in practice, the PPA and
project financing are conducted simultaneously, and the negotiation process could take long
period of time even years. While only when the proje@nidorsed by a solid offtake plan, it is

possible to get a sound financing package.

Although the longerm PPA has some obvious advantage over -$&ort offtake strategiegnd
it has been applied in the electricity market for a long period of timegstilisn the immature
phasefor the wind energy industr@Kollins, Speer, and Cory 2010Jhere still lacksa common
framework tosystematially design the contract terms and evaluate the benefitsy ¢ine high
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volatility of the electricity market and the wind power resources, as well as the uncertainties of
the industry.In order to get the project financetigtdeveloper is usually imanferior position

when designing the contract, as well as niatjog with the buyerAlthough the future volatilities

are expected to be lowered, PPA ns#ill sacrificea fair amounbf the expected profit, together

with some good opportunities siated with the uncertainties, which maltes PPA prices
generallylower than the wholesale market electricity prig&iser and Bolinger 2012)The
typical viewpoint in the RE industry for current PPAs tirat they undeevaluate the real value

of those RE projecttAWEA 2013a)

4.3 Contribution and Boundaries

Addressing the discussed problen® tontribution of this secticare threefold:

(1) Propose three improved strategies using stochastic programming to address the risks from
both the volatile electricity market and the uncertain wind resource, with seasonal trend fully
considered. Each strategy has unique framework to follmwd can be solved through
commercidly available software package With analytical solutions, the performance measure
metric of the strategies are defined, and the effectiveness of all the strategies are analyzed and

compared with the busineasusual baeline strategy.

(2) Treat the PPA as performanbased contract, and quantitatively design the contract terms.
The key contract terms that are essentially associated with the perforbeseckmechanism are
the outperformance price, and underperformance fyenahich are interacting with the other
contract terms. These two terms are not only consitjdrut also solved simultaneously through

the optimization.

B3I ncorporate both parti eAllG&tratagies dre nuiodeed frointhe t he s

projectdevel oper 6s per spect iragetprobahilitylaechance konstraggnt b uy er 6

70



Therefore with the new methodologies, the contract design plays a role of benefit sharing and risk

sharing.

Meanwhile, we make several assumptions and define thedaow of the problem discussed in

this section as:

(1) Only one PPA contract is considered in the loergn offtake strategy. Although it is usually
recommended for the wind IPP to diversify the contracts among different counter parties for
credit risk reasonfAnderson, Hu, and Winchester 200We assume a single contract design in
our problem. As for the problem of allocating the generation capacity between different buyers,
the thery of portfolio management can be used to further develop the multiple coriRaitg

and Brown 2011, Pearson 201This onebuyer contract can be regardedtlas special case of

identical buyers, athe weightedsum of the portfob contracts.

(2) Detailed oneyear contract termaresolved. For a longerm PPA,it is usually assumed that

the wind and electricity priceespectivelyfollow similar patterns within one year, therefore, the

only different term applied to different yearsars escalation ratevhich isused to deal with the

annual inflation as well as the lonterm uncertaintyThe decision for the escalation rdepends

on different parties6é estimation for future
developnent. In this section, we only consider the contract for one year. The escalation rate can

be discussed in the future researches using the methodology that is reviewed in the previous patrt,

the scenario tregShrestha et al. 2005, Carridh, Conejo, and Arroyo 2007)

(3) Renewable Energy Credits (RECs) and other environment attributes are not considered. The
environmental benefits associated with theewable energy projects are another big topic with
complicated problem settings such as carbon market, carbon trading scheme and market design
problems. In detailed trading, the RECs can be regarded gsredbct that the project generate

and sold asinbundled or in some contract the electricity and RECs are bundled as one price,

depending on the negotiation for both parties, and is case serfsttividaie contract design, if the
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RECs are considered, they can be treated similarly as the electrititya weparate stochastic
REC price. However, due to the unclear future of the REC market, and the relative lovitvglue,

not consideed in this study

4 .4PPA Contract Design

Now we consider a contract whetbe project is sellig all of its generation tbugh and the

buyer is large enough to digest all the deliveries. At that case, there is no curtail requested from
the demand side, and all the generations will be delivered to the buyer. Therefore, the key
problem of the contract design is about how milnghpower is, and what the mechanisms are to

share the profit and the risks.

We start with the simplest contract which is most common in the industry, and propose three
different strategies to improve it. The improvement include bringing stocipastmeters in the

model, and designing different settlement methods.

4.4.1 DeterministicScenarioithe Baseline Stratedyl

The deterministic decision making the most straight forward strategy that wind IPPs could go
for, and is commonly practiced in the irgity. In this strategy, the unknown parameters are
estimated through point estimation with statistics of historic data or forecastiagecifig the

future electricity generation is estimated by calculating the annual capacity factor of the project,
andthe electricity market price is estimated by the expected mean based on the historic market

price.

For each yearthere are three variables to becitled the quantity, the price, and the

outperformance price. The detailed model can be expres¢éd p® (4-3):
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GOO®O 0 0 WdOw 0 0 hm 0 Q¢ 0 0 hm (4-1)
Y& O BED O
06¢i 0 D0DO 0BT 6 0O QQr (4-2)
0 0 (4-3)
Where
0 & Contract Price, $/Mwh
0 & Contract Delivery Amount, Mwh
0 & Contract Outperformance Price, $/Mwh
0 & Actual Generation Amount for month Mwh , j=1,¢é12
0 & Actual Market Electricity Price formonjh  $/ Mwh, | =1, é12
0 —B 0 & Mean of Actual Annual Market Electricity Price, $/Mwh

Equation(4-1) is the objective function pursuing to maximize the expected annual revenue of the
project. Each month, the IPP gets paid for the actual delivered quantity times the contract price,
and at theend of the year, the accumulated deliery 0 HQ pf8 p gs calculated to be
compared with the contract quantity. If the actual delivery is more than what is contracted,
B 0 0, then the IPP will be settled for the additional amouith whe outperformance
priced , making the revenue &2 0 OB 0 0 . On the other hand, if the delivery
doesndét hit thB ©6on t0rthen theedéficianaywil hetmade up for by the

mean price of the market spot q&j realized as a negative revenue, making the revenu® as

0O 0 20 B O

Expression(4-2) is anonregret constraint that represeitsh e buyer 6 s willingness

contract, where the regret is the difference between the cost of electricity bought from the
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contract minus thds boughtdirectly from the wholesale market. Since we assume a large buyer,

who has higher demand than gibde delivery from the project, thatis I B 0 .The

cost for the buyer to pay for its electricity llirough the contracan beexpresseas:

1 P

D 00 0 0 0 00 0 QQ 0 0
Iy
Ip 03D 0 20 0 Q0 0 0
w

Combinedthe cosffrom the contractan be written as:

00 052 D0 BRGS0yl AT Oy Q& BRSOy 0 AT Oy

Meanwhile,the total costor the buyetto purdhase the electricity directly from the markets:
6¢i 0 0i QR D
Hence, thenonregretconstraint(4-2) can be written as:

O0W 05 W OWBYHSOyyu 0 AT Oyt 'QE BRSOy 0 T Dy

c ol
B&3Uyyo TT

Moreover, we define another variable doeB 0 R, with which another two
constraintswould be added to the modedndthe max and min function in the objective and

constraints can be replaced as:
GowB O O hm 0 0

AQEB 0O Oht B 0 0
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Since the problem treathe parameter deterministic as estimations from historic data or
forecasting, the problem can be finally expresse@al to (4-8) and solved directly through

some nonlinear optimization techniques.

aod@ 0 0 00 0O 00 20 0 0 (4-4)
Yo 0 BED O

00 0350044y, 0 O0yyDyg, T (4-5)

0 0 (4-6)

0 0 0 (4-7)

0 0 (4-8)

4.4.2 |ImprovedStrateqy for Annual Settlemer@ontractunder Uncertainty StrateqyS2

Strategy S2 is an improved strategy on top of StrategyBdre the contract terms are based on
an annual settlement with monthly payment schedule. The key improvement atrabégy is
that it treats the wind resource and electricity pricestaghasticparametersMeanwhile, the
constraints associated with the Conditioalue-at-Risk (CVaR) areadded to the model as the
risk managemennodule. The stochastic programmirg Btrategy S2 can be formulated(4<)

to (4-12):

(o]
g(

AaO®O 0 0 Bded 0 0 Q¢ 0 0 (4-9)

Yo O BRED O

% O W 0 (4-10)



Niéeéio 0006 6¢i o 0O Qo @ (4-11)
0 0 (4-12

Where

01 Threshold for the CVaR of the settlement cash flow
¢ Confidence level for the chance constraint

There are two main modifications madetba Strategy SMeterministicmodel. Firstly,in order

to address the stochastic featwith the anticipative decisiovariabkes chance constrain{g-11)
are used to replace the traditional determinisggret constraintsto explicitly deal with
randomnesa s soci at ed wWihthe dhangeeconétraint,¢che buer is only willing to
sign the contract when the probability that the regret nedpatixeeeds a prdefined confidence
levela The higher theévis, the more rislaverse the buyer is, and usually lower profit théesel

can get.

Since he buyer of a PPA also considéne contract as anetime decision makingthe chance
constraint should be based on the whaar Therefore, there is only one chance constraint in
terms of the difference of the total coas showrin (4-13), where he stochastic variables are the

meanmarket prica) in terms of the monthly market priée and themonthly generation

quantityd HRQ pfBp ¢

~
LAY

|00 05 A 6 BRSOy
(4-13

The second modification for the model is adding(#h&0), a constraint that ushe Conditional

Valueat-Risk (CVaR) to control the risks of theettlementevenue streanby defining tolerance

levelf and loss threshold) . The CVaR risk functioe OO M R, by definition,
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measures the conditional expectation of &mmualloss associated witbtochastic pameers
0 and0 |, relative to that loss being O Y R  or lager. The CVaR risk

function for this problem can be written as

% O N (4-14)

5
g

hh
Where| & & Qt Nad o f , is known as thgd -VaR for variable x. And

QO B R is theannuallossfunction (negative revenuayhich can be expressed as

QO W YQU Qe 6'Q (4-15)

0 Q¢ 0 0 hn

CR
§<

0 0 0 Ow O

Detailed mathematical transformation for the CVaR constraint will be addressed later to discuss

the solvability of this stochastic program.

4.4.3 Monthly Settlemenontract StrategyS3

Instead of annual settlement, we consider a more complicated monthly settlement as the third
contract design strategy. The decision variables in this problem are on a monthly base. Altogether
there will bep ¢ o decision variables for the whole year, whiarle the monthly contract amount,

the monthly contract price, and the monthly outperformance price. It is worth notice that for each
month, the decision variabled )  FQ p8 p ccan be assumed to be independent, thus the
large problem can be smated into 12 independent monthly problears] eacthas 3 decision

variables. Fomonthj, the problem can be expressed as:
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Wherethe formula for the CVaR constraing andthe chance constragare both modifiedfor a

montHy base

Applying this method, the revenue will be settled for each month by comparing the actual
delivery amount and the contracted amount, as what is done annually with the first two strategies.
The reason for proposing this strategy is trying to capture igméfisant differences of the
parameters among different monthWith the seasonal trend and the high volatility of the
monthly electricity price, an annual contract price cannot represent accurately the value of the
generated electricity for each mon#s what is discussed in the Strategy B2 annual pricand
generation amount arget at a compromised level, whetlee revenue for each month are
averaged outAs the resultthe volatilities of the monthlgash floware not controlled effectively

With this new strategy S3hé contract price and power delivery amount solved are expected to
have a seasonal trend that is correlated to the forecasting of the electricity price and the power
generationThis strategy grants both parties with more degrefeeedom when designing their

contract, while of course with the cost of higher problem complexity and more calculation time.

4.4.4 Contractwith Annual Settlement and Montlityice Terms StrateqyS4

Although strategy S3 is expected to be more accurately capeinencertainty of the stochastic

variables, one drawback of the strategy S3 is that the monthly volatility is realized instantly
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without a buffer. While if with an annual settlement, all the deviations are pushed to be settled at

the end of the year, aide positive and negative fluctuates can be cancelled out.

Therefore, as strategy S4, we propose a combination of the strategy S2 and S3, in which the term
of price is monthly base, while the contract is to be settled annually. More specifically, in each
month, the buyer will be paying for the amount of the actual delivery times the monthly price
while at the end of the year, the accumulated delivery will be calculated to compare with the
annual contract amountand settle with the annual outperfance pric& or the annual mean

of the market pric . With this design, the problem can be expressed as:

Go®d 6 0 Gpﬂcf):nam 5 0 At O
(4-17)
X Q¢ 0 0 fm
Subject to
% VMM M 0 (4-18)

NiGei 6 000 6éi 0 0O QI ©

Where the objective still consider the annual revenue, while with different price for each month.
Meanwhile, similar to strategy S3, this strategy controls the monthly cash flow volatilityhaith
monthly CVaR constraintHowever, since the buyer still @wates the contract as an annual

package, the chance constraint is expressed of
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4 .5 Solvability of the Model

Figure 4-1 illustrates theash flowof different strategies. Since each strategy follow different

schedule and settlement policy, the patterns and detailed amountcakthBiowvary from each

other.

Actual Delivery

Aetual Delivery : 1 L" _ _
Payment: o Payment:
P+ Qrmi P Qeriy
Month 1 Month 2 Month 12
Annual Settlement:
Bazed on
(@ L l?m-,‘ P.u."}
Monthly Settlement: ~ ¢ Monthly Settlement:
Based on bw_)) Based on
(@1, Py For. Qrrys Prra) (@12, Pras Forze Qorazs Prraz)
Month 1 Month 2 Month 12
Monthly Payment: Based Monthly Payment: Based
on ﬁcl.‘:l::tl Delivery and g 4 on Actual Dehvery and
Contract Price = Contract Price
Py % Qgr Pz X Qgraz
Month 1 Month 2 Month 12

Annual Settlement
Based on

(Q. B, Po. Qpry. j”r.'?'f}

Figure4-1 CashFlow for Four Different Strategies

Table4-1 summarizes the key features of the four different strategies. As discussed, strategy S2

to S4 are formulated as stochastic programming, and each of them embraces different decision

variables.



Table4-1 Summary for Four Different Strategies

Risk .
Strategy Settlement Control Approach Variables

s1 Annually No Forecasting Annual Delivery Quantity), AnnugLPrlca),
Annual Outperformance Price

s2 Annually Yes Stochastic Annual Delivery Quantity), AnnugLPrlca),
Annual Outperformance Price

. Monthly Delivery Quantityd , Monthly Price
S3 Monthly Yes Stochastic 7 y Delivery Quantityo ) ~y I
U, Monthly Outperformance Priae
s4 Annually with Yes Stochastic Annual Delivery Quantity), Monthly Price0,

Monthly Price Annual Outperformance Pride

Now that we have all models for the four strategies built, the next step is to deal with the
solvability of the models. Some of the problems are relatively easy to solve through some classic
mathematical processes, such as the deterministic quadratidézagitm problem of strategy S1.

On the other hand, the other stochastic problems may require some simulation techniques and
heuristic algorithms to take care of the sampling and searching procedure. Meanvdhidey to

deal with the troublesome mathemaal properties of theCVaR constraint, some specific
methodologes will be utilized to transform the problems to solvable formulatidnsorder to
illustrate the process clearly, we take strategy S4 as example. The methodology can be applied to

strategyS2 and S3 similarly.

45.1 Constraints for ConditionaValue-at-Risk(CVaR)

We first consider how to deal with the CVaR constrdinis proved by(Krokhmal, Palmquist,
and Uryasev 200Zhat in a general form, I & is concave and @ and setoare convex,

then the following two problems generate the same efficient frontier.
Problem 18 "QE'Y ® i @ 1 hoN 8
Problem 2:4 Q%o ¢ ‘' Yo hov ¢ 8

Where' is the weight allocated between the revenue and risk control, depending on each cases.

Usually, riskaverse project owner will choose smaller
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Meanwhile, sincethe problem for strategy Sdonstructs12 constaints of monthly CVaR,
% whQ pH p 8The CVaR in the objective should be replaced by the mean of monthly

CVaR.The problem 2 can be further extended to problém 2
Problem? & Q&B % ® * Yo hov of 1HhQ pBp 8

Furthermore, n order to deal with the troublesome mathematical properties ¢f tB¥aR

%o & , (Rockafellar and Uryasev 200Q)roposed a methodology by defining a simpler
expressioriO ¢fi  with its convexity in the variable. Hence, instead of determining a veator
that yields he minimization for the combination ofCVaR and the expected profit, one can
equivalently minimize the combination ® ¢fi and the expected profit. The definé€ ¢h

can be used instead %6 @ to solve the problem 2, which makes the daling problem 3

equivalent to the original problem 1
Problem 34 "Q&B 'O oi * Yohov i mQ pBp 8

Applying this methodologythe F functions of themonthly CVaR problemsan be defineds

follows:
0 BB M6 (4-19)
p T YQUQEOd QRO M D D
h Ng
Where
o 0O VMO Tmh

mT LA 18

And the monthly revenudsinctionsaregiven by:

When'Q ple® b
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YQU Qe AQ 0 (4-20)

Whenj=12,

(]
§<
Cc

YQu Qe WQ 0O 0 0 dde 0

(4-21)

Then the original problem is equivalent to the followind4-22), where

oYQL QIMW M and'O O W M R are given by4-17) and(4-19):

P vy v

d"Qg—c O O M A OoYQu QDD D M (4-22)
Subject to

Ni6éi o D0DO 6&i 6 0DOI Qo &
0 0 hQ p8ipc

4.5.2 ChanceConstrained Programming (CCRhd Genat Algorithm (GA)

The problenfor strategyS2 toS4 all include a stochastic objective function and both stochastic
and deterministic constraints, which makies whole modalformulated as Chane@onstrained
Programming (CCP)Due to the no#inear attribute,the optimization problescannot be
transferred to some simple form of linear program probleMeanwhile, the complicated
distribution of different stodstic parametersnakesit hard to provide the deterministic
equivalent for the chance constraint. Therefare,are utilizingGeneic Algorithm (GA) to deal

with the optimization proceder the stochastic programming for strategy S2 to S4

83



Initialization I

Initialize chromosomes

[teratively Generate New Generations

Select pop_size new

with (P/.Q.Po.ay),
Jj=1,.12

i

chromosomes based on
evaluation function

|

Crossover under
probability Pe

NO NO

chromosome
satisfy the chance

D& the offsprins Finish

satisfy the chance
constraint?

NO

pop_size/? rounds
of crossovers?

Add the chromosome stheno. o YES

Chromosomes
pop_size?

to the 1¥ generation

YES
- T T T — i
Optimality and Output
Mutate under probability
Pm

Reorder
— chromosomes based
on objective value

Fimsh
pop_size rounds of
Mutation?

Is the new

Chromosome

NO Feasible?

s the Generation
the Gth?

YES

END

) " Replace the chromosome
Qutput the best

in the new generation

YES

solution

|
|
1
I
|
|
|
|
|
|
|
| Replace parents with
|
|
|
|
|
|
|
|
|
i

I

I

I

I

I

I

|

I

I

| |
feasible offsprings |
I

I

I

|

I

I

I

I

I

Figure4-2 Flow Chart for Genét Algorithm

The framework operformingGA to solve general optimization problems has been summarized
in the book of(Liu 2009) Adjusted fromthat framework, the specific algorithm for our model is

proposedasin Figure4-2.
Specifically, there are 7 steps to finish girecedure

Step linitialization. Definepop_sizechromosomes as the numberirdividuals in a generation.
Each chromosomesAQ pfB M &€ f "Qch& N=26 dimensions representing the decision
variables 0D A KHQ pfB p ¢ lteratively generatepop_sizefeasible chromosomesrom

constraint checkhrough stochastic simulatiomhe first generation is initialized.

Step 2:Ranking Calculate the objeaté functionmeanfor all chromosomeshrough stochastic

simulation and rearrange the rankbased on the fitness to the objective Due to the
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minimization objective, e smaller the objectivemean value, the smaller ranlorder the

corresponding chromosoneallocated

Step 3: Evaluation. Define the rantbased evaluation functioasOU ¢ar wp w HQ

pMB M € i "Qawith whichthe better the chromosome, the higher evaluation value it will have.

Step4: Selection. $in theroulette wheeWwith the probability proportional to the evaluation value,
such that better chromosome#l have more chancm be glecedto produceoffspring.pop_size

chromosomewiill be selected for further operation.

Step 5:Generation update. dine probability parametesd andd , with which0 Y € ) "QafQ

the selected chromosomes will be conducted cross@mid O3 ¢ f| 'Q@dfQthe selected
chromosomes will be mutated. A new generation With f) dQpdated chromosomes is then
established. Each crossover and mutation operation will go through constraint check to make sure

the feasibility of the new chromosomes.

Step 6:Repeat step 2 to step 5 to for a given number of cyglesuch thaiG genertions are

generated, and the corresponding objective mean f@2jl ¢ | "Qahtdmosomes are obtained

Step 7: Report the best chromosome and the minimal objective as the optimal solution.

4.5.3 Simulation

It is worth noted that the GA process for ouagbeconstrained programming (CCP) is different
with that of the classic optimization problems, especially with the module of objective calculation
and constraint check. Since the parameters iolfextive anctchance constrair@restochastic, it

is necasary to conduct Monte Carlo simulatidm approximate those stochastic functions.
(Poojari and Varghese 2008jscussed about the simulation process within the GA framework.
Adjust that process with the CVaR in the objective function, we can conduct the simulation as

follows (taking Strategy S4 as example)
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For stochastic parameter vector 0 D , let LI, h B,¥ denotes the
approximate sample spate begeneratedor each individual chromosome, andH denote the
setof chance constraint$n the initialization phase,irce there argop_sizeindividualsto be
generatean the populationwhile some would fail the constraint check, hence there areast le
d1s n € .0 "Qd §Ohsfunction evaluation to be performebh the evaluation step, aflop_size
individuals of G generations will be calculated for their objective functions, hence there will be

d1s n € .0 Q& WVevaluationsin the crossover step, sinpep_siz& pairs are to be operated
crossover, angach population ha& generations, thereford, is needed tgerform- d1s

n ¢ .n Qa s "Ocrossoverevaluation. Similarly in the mutation stepdts 1 ¢ . QaQ

SGs “Oevaluations are to be performed becapsp_sizandividuals will be operated mutation.

Specifically, he random vectord8  and0 HQ pf8 Fdlsare independently following

underlying probability distributions. Accordingly, the stochastic objective and constraimbe
computed through the constructed sample sgameeachevaluation the objective functioran

beobtained through calculatingieh parwith Ll series of vectord D Q pFE L :

"O O M M K | 0o 17 YQU Q¢ 6|Q (4-23)

Where

YQU Q¢ 6 0 A£1'® presp b

C
§<
Cc

Yoo e 0 0O pic e R
10, (O} 0 0 M Al®pc
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And

I
'omonmq% 5 50 pﬂc e R o
0 me 5 O

And the value fothe chance constraint is the frequency with which the current solution satisfies
the constraints. L&t be the number of random vectors thatisfy the chance constrainfBhen

with eachconstraint checkhechance constraints are evaluated as:
£ . .. -
nNid —hQ phE Ip ¢ (4-24)
LI
The(4-24) is also referred to when conducting the Monte Carlo simulation for the initialization.

4.6 Case Studyor Cape Wind Project

The Caj Wind project is again referred to as the case study for this chapdeder to make the
strategies comparable with each othdffecent stratgy will be applied with same assumptions
associated with the market, the competitor, the buyer and thelRihdtself. The information
collected from the power market and the meteorology station will be processed according to
different need of strategy setup. For example stmapling seed is established based on monthly

data, instead of hourly like chapterebr

4.6.1 Resultdor Different Strategies

With the stochastic information obtained, we are able to run the programs for each of the four
strategies. The strategy S1 will be solved though the MATLABnNlinear solve system, and
strategy S2 to S4 will be solvalrough the coded GA programming atbooughMATLAB ©.
Table4-2 summaries thegrameters for the GA programg for each strategy:
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Table4-2 Parameters foBtochasticGA Programming Setup
S3 (for each

S2 month) S4
Number of Variable, N 4 4 26
Size of Population, K=10*N 40 40 260
Number of Generation, G=10*K 400 400 2600
Number of Sampling, Omega 1000
Probability of Crossover, Pc 0.7
Probability of Mutation, Pm 0.1

In this part, he solutions otachmodel will first be discussed with some observations, fuene
statistics analysian outof-sample analysi will be conducted toanalyze andcompare the

performance of different strategiesthe next part

1. Solutions for Strategy S1
For strategy S1, we established the model for a nonlinear programming which can be solved
directly from commercially available softwarEhe solutionof the program is not uniqueshere

the following twosets ofsolutions arell optimized and indifferent

c
c-
c

c-
S
(@)
(@)

(1) 0

C
Ca
3¢
C
)
Q
Q

(2) O

The solutions show thdahe contract pricewill be set asequal to the exmed market price
Meanwhile either that the contract price equals the expected generationthat the
outperformance equals the expected market price will make dted¢ ¢xpected revenue
maximized and equal ta 0 . However, this is true only hen the forecast for the
electricity generation and electricity price are perfectly accurate, or can be regarded as

deterministic parameters.

Among the two options, the first onasually soundsmore reasonable to both contract
counterpartsn practice which is to settle at the expectpdce and the expected quantithile

negotiating on the outperformance price. As a matter of fact, the two PPA contract signed for the
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Cape Wind project also follows this practice. As for the outperformance price, ttiey fraf of

the contract price, which is also not uncommon.

With the 1000 sets of samples from the generation amount and market price sampling seeds, we
are able to obtain thexpected price and quantity saslutions forthe first option of strategy $1

and outperformance price is set as half of the contract ascghown in th&able4-3.

Table4-3 ProgramSolutiors for Strategy S1

Contract P Contract Q Contract Po
($Mwh) (Mwh) ($Mwh)

41.6337 1.6164E+06 208169

2. Solutions for Strategy S2
Strategy S2, on the other hand, consider the uncertainty of the parameters, and is set up to be
solved by thepropo®d chanceonstraint based gemealgorithm.Based on the same 1000 sets
of Monte Carlo simulation from the sampling seeds, the solutions for the Strategre

summarized in th&able4-4;

Table4-4 ProgramSolutiors for Strategy S2

Contract P Contract Q Contract Po
($/Mwh) (Mwh) ($/Mwh)

41.8036 1.6158E+06  15.1884

Figure4-3 shows theprogressingf the solutions through the evolution procedure ofstingtegy
S2 GA programming. With the 400 generations, theigien variables start with a high volatility
in the searching area, get stabilized after around th& dé&@eration, and progressivatyoving

towards the optimized solutiafterthe 250" generation
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Figure4-3 Evolution Procedure for GA Programmi(@trategy Sp

3. Solutions for Strategy S3
Different with strategy S2he problemfor strategy S3ncludes twelve GA prograsnSince each
problem can be regarded as independent, they are solved separatéheviigturistic searching
andderivetwelve ses of optimizedsolutions.For all theGA evolution, thealgorithirs start with

large range of searching points, and the chromosaratually progressthroughthe iteration

goes

80 155 5

Q_Feb(10%)
70 15

60 B 1.45

50 14

40

Figure4-4 showssome ofthe solutims ofthe three variables for different months, as examples of

detailed evolving procedure.
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Figure4-4 Examples of GA Evolving Results foh @ ¢ @ (Strategy S3)

TakeJanuaryasoneexampleof the strategy S3 problem&mong all 400 generation228 sets of
solutions are uniqud.he ®lutionsare sortedccording to their objective value, which makes the
order of the solutions representing the design for contract from bad to Acoatdingto the
Figure4-5, with better contract design, tmeonthly revenue of the project increases, and the F
function for project risk decreases. The deseeaf Ffunction value causes thl@rresponding

decrease of CVaRvhich meanshatthe risk of the project cash flow is better controlled.
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CONTRACT DESIGN (STRATEGY S3, JAN)
Figure4-5 GA Result of Monthly Revenue, Fbeta and CV&Rdtegy S3Jan.)

Meanwhile, vith better contract desigthe naregret probability of the buyer is approaching the
chance constraint threshold, which is 50% in this ¢&sgure 4-6). This can be regarded as a
benefit sharing mechanism, when approaching theegret constraint, the owner is getting

higher benefit, while the buyer is pushing to their thresfmiciccepting the contrac¥ith this
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being observedhe threshold of the chance constraint is an important negotjaion for the

buyer to anticipate the project ownerds proposal

100%

—— Sampling No-Regret
Probability
No-Regret Constraint

90%

80%

70%

60%

50%

No-Regret Probability

40%
1 21 41 61 81 101 121 141 161 181 201 221

Contract Design (Strategy S3, Jan)
Figure4-6 GA Result for Neregret Probability

Table4-5 lists the ultimate solutions far t r a t edggsionSva@ridkdes of each montknd the

seasonal trend of the solutions are obviously shiovifigure4-7. Both the contract quantity and

contract price aretrictly following seasonal pattern that correlate with the trend of the wind
resourceand the expected electricity market pribeie to the high instability of the wind resource

and market pricethe solutions have high volatilitywith the rangeof [$37.54, $52.4Pand

[8.26 10°Mwh, 1.69 10°Mwh] respectively While the outperformance pegsdon 6t f ol | ow a
significant seasonal pattern, nor have obvious relationship with the contract price or the contract

generation amount.heyare in the small range §$7.21,$12.15.

Table4-5 Solutions forStrategy S3

Jan Feb Mar Apr May Jun
P 52.49 42.92 38.61 37.76 41.23 41.29
Q 1.62E+05 1.48E+05 1.50E+05 1.32E+05 1.13E+05 8.26E+04
Po 7.21 7.82 12.15 12.13 10.20 8.68
Jul Aug Sep Oct Nov Dec
P 45.60 41.93 38.24 37.54 37.55 50.41
Q 8.54E+04 9.58E+04 1.24E+05 1.56E+05 1.53E+05 1.69E+05
Po 8.77 8.36 11.77 10.32 8.42 10.49
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4. Solutions for Strategy S4
Similar methodologyndsolutionalgorithmsareapplied to the strategy S4, except the decision is
based on annual settlement with different monthly contract price. Therefore the decision variables
becomes OhOR HQ pfB p ¢ With the generation numbencreased to2600, the GA
algorithm succeeds getting tbptimizedsolution, as shown in thEable4-6. Unlike strategy S3,
the solutionmonthly priced are not obviouslyollow the seasonal trel of the expected market

price. Insteadthey fluctuate around the expected prices. With five months higher than the

expected mean, and seven months lpagishown irFigure4-8.

Table4-6 Solutions for Strategy S4

P Q Po
Jan Feb Mar Apr May Jun
46.011 48.937 34.352 38.997 37.601 42.563
Jul Aug Sep Oct Nov Dec
35.367 38.249 34.447 38.127 36.544 58.242

1.6325E+06 10.542
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4.6.2 PerformanceComparisomf Different Strategies

With all four strategies solved, we now compare the performaheach strategy based on the
1000 samples of the uncertain parametansl an oubf-sample analysisThe performances are
discussedn terms ofthe revenuepattern, cash flow risks, as wels buyefs attitude foreach

strategy.
1. Expected Revenue and Risk Control

We start with the expected revenue pattern for different strategies, which are derived through

combing the results from each strategy and the 1000 sampling sets.

Observation 41. Strategy S2 improvethe Strategy S1 in terms of both the expected annual

revenue, and the expected cash flow risk.

For strategy S1 and Sthe key difference is that strategy S2 consdbe problem as in a
stochastic environment, which can merit the @cbjowner to balance or hedge between different
scenarios of the uncertain parameters. Therefore, we first compare the two strategies using the
metric called the value of Stochastic Solutions (VSS), which assesses the value of knowing and

using distributims on future outcome@Birge and Louveaux 2011)he results of the two
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strategies, theexpectedrevenue, and th risk measuremetrics b-VaR and b-CVaR are

summarized imable4-7.

Table4-7 Revenue and Statistics $blutiors for StrategyS1 andS2

Contract P Contract Q Contract Po Exp. Annual b-VaR of b-CVaR of
($/Mwh) (Mwh) ($/Mwh) Revenue ($) Annual Rev.($) Annual Rev. ($)

S1 41.6337 1.6158E+06  20.3843 6.7186E+07 -5.4715E+07 -5.4392E+07

S2 418036 1.6142E+06  15.1884  6.7358E+07 -5.5379E+07 -5.5058E+07

As shown in thetable the increase of the expected annual revenue with the stochastic
programming, which is also known as the Value of Stochastic Soluis8s $1.72 1. If we
incorporate the CVaR into the evaluation of the stochastic program, we can define a modified
b VSS,which is the difference dRev CVaR)between the deterministic programming and the

stochastic programing. Therefore, in this case

b VSS=(Rev CVaR), (Rev CVaR)s=$3.37 10°

Observation 42. CVaR risk control causes the revenue distribution to hagative skewness.

The expected distributions of the annual revenues for the four strategies are derivedeas in th
Figure4-9. As shown of the distriltions, the revenue from strategy S1 is alsymmetri¢ while

the other three strategies are all having negative skewness, méaigatter tail to the right and
longer tail to the leftThis is mainly becausgherisk control module in the strategy S2$4 are
minimizing the oneside CVaR, which tend to push the small revenoesrds rightThe strategy

S1, on the other hand, does not hawerisk control mechanism, hence only maximizing the

revenue at all levels.
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Observation 43. Strategy S3 and S4 sacrifice the annual revenue and enhance the risk control

mechanism, especially largalgducethe monthly cash flow CVaRrigure4-10).
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Figure4-10 Monthly CVaR for Different Strategies
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Take strategy S1 as thaseline, the improvement of the expected performance cemnlverted
to a percentage with the metric of revenue and C\AaRshown inTable4-8, the strategy S2 to
S4 all improve the annual cash flow CVaR doving the stochastic programmingth the risk
control moduleadded Strategy S3 and S4 sacrificesmall portion ofthe monthly revenue, while
significantly increase the risk control of the monthly cash fléle CVaR amount from strategy

S3 and S4 beditoth S1 and S2 by more than 100%.

Table4-8 Improvement from BaselingtrategyS1

S1 S2 S3 S4
Annual Revenue ($) 6.72E+07  6.74E+07 6.66E+07 6.69E+07
Improve of Annual Revenue (%) 0.26% -0.87% -0.40%
Annual CVaR ($) -5.44E+07 -551E+07 -5.57E+07 -5.53E+07
Improve of Annual CVaR (%) 1.22%% 247% 1.74%
AverageMonthly CVaR ($) -2.20E+06 -2.21E+06 -5.27E+06 -5.17E+06
Improve of Monthly CVaR (%) 0.71% 139.72% 135.18%

The reason behind the performamiifference ishatthefirst two strategies ammaking decisions
based on an annual base, and rely onptissibilities that the cash flow fluctuates of different
months will cancel out with each other. Thighe brighter side that thissks are taken adntage

of if the equity holder or debt holder only consider the annual cash flow. Howéwbe
volatility is not specifically controlledit will become a problem especialyhenthe projectis
evaluated based on its monthly revenue, or debts be peakddh a monthly basé those cases,

the project owner would want to take monthly settlement strategies S3 or S4.

2. Buyers Perspective

Observation 4. Al t hough for the four strategies, t he bu

the nonregretconstraint, the patteso f t he buyer 6 s yfogeaehtothggr obabi | i t |

Figure4-11 plots the norregretprobability of the buyer of the Ionths for each strateggince
the strategy S1, S2 and S4 are based on an annuaégren constraist the volatility of the

monthly probability is significant. Meanwhile, although the annual constraint is satisfied with the
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50% threshold, the monthlyonregret probability could still be less than 50%. The rsedithe
monthly nonregret probability for each strategye also plotted in theFigure4-11, with which
strategy S4 have the highest probability, atrdtegyS2 derived the smallest probabiliStrategy

S3 on the other hand, has a very stable-regret probability pattern. Since this strategy is made
basedon montHy settlement all the monthly nonregret probabilies are forced to be at least
50%. However, the averageobability of strategy S3s not as high as strategy S4 since the
decision making fostrategyS3is trying to push themonthly probability towards 50% so as to

share moréenefitto the project owner.
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3. Out-of-Sample Analysi® Actual Performancéor 2013

Out-of-sampleis a procedure to analyze the strategy based on the actuahslapplied to our
problem, the different strategies that we solved are based on the historic data from 2009 to 2012,
now we are using the actual 2013 datavéoify the expected result, arahalyze the actual

performance of the strategies we derived.

Observation 45. The outof-sample result i€onsistentwith the expected performance, which

justify themethodology andnodelbuilding.
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The actual value for the uncertain parame€@endP are derived through the electricity market
and themeteorologycenter database. Ashownin the Figure 4-12, the estimation for the
generation quartii has a better fit for the estimation for the electricity market price. Even though,

the actualwi n Iredhbessnd b uyer 6 sw tieaexpeated pattefag tHidcussed

previously Figure4-13).
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Figure4-13 Actual MonthlyBenefitof Wind IPPand Buyerfor 2013
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Observation 46. The relationship between the project owner and the energy buyer is not a zero
sumgame insteadthe revenue and risk control benefit can be shared through the contract terms

thus realize anutualsurplus enhancement.

As shown inFigure4-13. The strategy S2 derives thest annual revenuder the project ower

while the least savings fahe bwer, andthe strategy S3 and S4 get the better benefit for the

buyer whilesacrifices o me of t he pr ojMeanwhil®oassureer30% delit at 8% nu e s .
interest rate, 50% tax equity at 8.5% cost and 20% common equity at 12% casicithge

subsidizedcost for the wind projeds approximateb40/Mwh (LAZARD 2011), thenthe annual

cost for the cape wind project for year 2013 is $68¥. Combiningthe revenue and the cost,
wecangetbot h parti es 6 pr o fTabke4-S Overal wmtbgy $4hobtaingtheo j ec t , e

highest overall surplus.

Table4-9 Surplus Sharing for the Seller and the Buyer

S1 S2 S3 sS4
Seller's Surplus ($) 2.60E+06  2.87E+06 1.93E+06 2.45E+06
Buyer's Surplus ($) 1.34E+06  1.07E+06 2.01E+06 2.10E+06
Overall Surplus ($) 3.93E+06  3.94E+06 3.94E+06 4.56E+06

4. Overall Evaluatiorior Different Strategies
Observation 47. Among the four different contract design strategi¢isere is noone that
exclusively outperformdnstead, each of them has its advantage which depends on the need from

the project owner and the buyer.

Strategy S1 is the mostraightforwardstrategy that is easy to execute. It obtaieasonable
revenuecash flow ard depends the least on the information of the parameter estimation. Strategy
S2 incorporate the stochastic nature of the parameters in the model, it is expected to improve the
performance based on the additional information of the uncertainties. As a ohddiet, strategy

S2 is expected to get the highest annual revenue amoting afptions, and improves the annual

revenuevolatility on strategy S1. Strategy S3 addresses the monthly settlement plan, with which
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it largely enhance the risk control of the montblsh flowon strategy S1 and S2, asthbilize

the buye@s nonregret probability above 50%. As a compromise, the strateggaSifices a

small portion of the revenue. Strategy S4, at last, is a balataedn the revenue and the risk
control. It obtains higher expected revenue than strategy S3 and improve the annual CVaR of
strategyS2. Both strategy S3 and S4 outperform at monthly revenue risk control by a large

margin.Meanwhile, the strategy S4 proeithe buyer the highest noagret probability.

In order to systematically evaluate the strategies, wiaealafive-fold score system, and calculate
the normalized scores for all tffige criteria. Among all the criteria, weights should be allocated
betwesnthe easiness to execute the strategy and the strategy effectiW¥edage 0.3 and 0.7 as
an exampleSpecifically, themeasurecriteria and thecalculation referenseare summarized in

theTable4-10:

Table4-10 Strategy Evaluation Criteria and Score

S1 S2 S3 S4 Calculation References
Easy to Execute (weight @) | 30.000 26.667 23.333 20.000 ReYind "[)r‘ifﬁgjﬁglcomp”“”g
Annual 25064 25.128 24.845 24.964 Normalized Annual Revenu
Revenue (Actual)
Annual Risk Normalized Negative
Strgtegy Control 24716 24971 25.232 25.080 Annual CVaR (Expected)
Effectiveness Monthly Normalized Reverse
(weight 07) Risk Control 14.801 14.907 35.482 34.810 Monthly CVaR (Expected)
Buyer's Normalized Buyer's Non
Satisfaction 19.940 18.899 29.911 31.250 regret Probability (Expected
Total Score 68.17 66.73 87.83 87.27

According to the result, the strategy S3 ranks the first, strategy S4 second, stratiegytrad,
andstrategy S2 the lasBincestrategy S3 and S4 does not have substatifierence between

each other, they can be regarded as alternatives, andmecaled as the improvement for
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traditional strategy S1. Although strategy S2 enhsiacemall margin of the S1 in terms of the
revenue and risk control, it is not recommended as a replacement mainly due to the additional

computational b wefit bss figueed). buyer 6s ben
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90
80
70
60
50
40

Score

30

20
10
0

Strategy

Figure4-14 Strategy Evaluation Result

4.7 Conclusions

In this section, we consider theng-term offtakestrategythrough bilateral PPA contrafdr wind

projects.Four different strategieare proposed for differemphasisvith regard tosettlement

schedule, performandea s e d contract t reregrats gttituda. nAgpplyibgutiee r 6 s no
strategies to the Cape Wind case study, the analytical solutions for all differeegistadre

obtained through Geriet Algorithm and stochastic programming. Tiperformance of the

strategies are then evaluated throughdgolutions and the eof-sample analysis. The strategy S3

and S4 which are more focused on monthly cash flow risk control are recommended as the
replacement for traditional deterministic contract design. Some other observations are duly

summarized.

102



103



Chapter5Hy b Of #l tSa k el eesgiygn f or Wi nd

5.1Introduction

According tothe previous twahapterswind IPPshouldeither choose a sheterm offtake to the

spot market, or sign lorgrm PPA with purchaserbut there is ndlexibility to opt between the

two. Although some large wind projects are divided into smalpsaofecs, and are allocated to
different offtake strategies, the wind IPP still have no control over the offtake approach for each
subproject. In an uncertaigircumstance, howeveit is important to hold options during the
operation so as to balance or hedge against different scenarios for the volatile exogenous factors

(Birge and Louveaux 2011)

As we discussed in chapter three and chapter four, thetehortand longerm strategies have
their own pros and cons. The shtatm strategy is very sensitive to the $tastic parameters,
thus is able to take advantage of the fluctuation at a very short hourly baiseahledtocapture
the revenues that are expectedly maximizddwever, the stochastic nature of the electricity
market and the wind resourcesult in a high volatility of the cash flow, thus bring extra
uncertaintiesof the project feasibility and profitabilitylhe risks from the unstable cash flane
the main conceswwhich prevent many wind IPPs fromhoosingthe shorterm strategyThe
long-term straegy, on the contrary, is mainly designed for colitrglthe longterm cash flow
risks. The volatility is reduced due tioe contracttermssuch as the price and the quantitgt are
set as fixed for anonth or even a year. As a result, the loeign stategy is effective in
stabiliang the cash flowwhile sacrificingthe revenueAlthough each strategg optimized in the
previous two chapters, the possibility to combine the two strategies yet considered. toth
strategiescan be effectively inggrated, the disadvantages are expected tofteet by the

advantageswhich will resultin a better balance between the revenue and risks.
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In this Chapter, an extendbgibrid model will be presented, which enables winddRPestablish

a moe flexible mechanism for the electriciproduction offtakecombining the shosterm and
long-term strategiesA two level stochastic model will be built, with the first level to design the
PPA contract with detailed terms before the project starts, andettond level toptimize the
allocaton of the energyproduction between the PPA and the spot maiKat recourse process
will enable the project developer to take into consideration the uncertaifties weather and

the power markeduring the opetion, andplancontract design and negotiation accordingly

5.2Two-LevelDecision Makingfor the Hybrid Offtake Strategy

The designing for thlybrid offtake can be regarded as a #lewel problem, where the firdevel

is to design the longerm PPA contrad¢, and the secontbvel is to figure out the besthortterm
offtake strategyat each time poingiven the contractlhe idea is that with the contract signed for
the multiple years, the project developer has tlexibility to allocate his generatidothto the
longterm PPA,andto the spot market, at the real tirheurly decisionmaking This gives the
developerthe right to adjust his rediime strategy based on the updated estimation for the
stochastic variables, while the PPA take flegibility into consideration, and will guarantee the

right for both parties.

The twolevel problem is a special case for multilevel programming (MLP), which describes a
decentralized decision system where there are a leader and followers. Both the leader and
followers have their own decision variables and objective functions, and the leader can only
influence the reactions of followers through his own decision variablake the followers have

full authority to decide how to optimize their own objectiuactionsin view of the decisions of

the leader and other followefisiu 2009)

As an analogy to the MLP, our twlevel decisionmaking problen descri be the deve

hybrid strategymaking processvhere the PPA contract is designed in the fesel as ahere
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and-now decision before knowing the stochastic parameters, and thetshmorbidding strategy
in the spot market of the second leigeto be designed as an approximatat-and-seedecision,
with more information availabléBirge and Louveaux 2011, Carridn, Conejo, and Arroyo 2007)
The contract design of the first level is regarded as atiore decision making, while the
operation strategies for the shtetm market bidding are timearying dynamic decision maig.

The twelevel model can be a godil to treat the different procedwe

As analyzed in the chapter four, the strategy S3 of the PPA contract design with monthly design
has the overall best performance, hence we assume the wind IPP will go for théy ARG
settlement in this hybrid strategy. Furthermore, we assume that within one month, the daily
pattern of the wind speed and the electricity market are following the same distribution. With this
assumption, the monthly problem can further be appratdiy decomposed to 30 same daily
strategy Finally, the monthly hybrid problem will be treated as duplicated daily stratagigesh

are composed & daily settlemenPPA contract offtake plus 24 hourly bidding strategy for spot

market offtake.

Thetwo-phase problem can be written as the following general {6rft). The first phase ithe

grand problem, which i® decide the terms of the PPA contract so amragimize the totataily

revenuegiven the CVaR constrain as risk controland-noegr et chance constraint
attitude The decision variable for the first phaaee the daily PPAterm variablesOfO D

while theshortterm strategy 6 b pfB ¢ tfor the hourlybidding are providedas parametes

solvedthrough the second phada the second phase, the develojsegiven the contract with

parameters ofd DD , hence e problem is to makide beshourly bidding decisionaboutthe

allocation of the generation amoutlivering between thespot market and the PPA contract.

After obtaining the solution for the daily solution, the monthly contract terms can be directly
calculated asOho 1 0R) , and the bidding strategies fite 24 hours are duplicated for 30

days as the monthly shddrm strategy.
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Specifically for one day, the hybrid offtake strategy can be written as:
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Where

0 & Daily electricity price equals to the Monthly contract prisigned in PPA

([et]

d Daily delivery amountequals to the 1/30 monthly delivery amosigined in PPA

Ca

& Daily outperformancefiice, equals to the Monthlgutperformanc@ricesigned in PPA

0 0 0 Hourly dectricity amount bidding in the spot market

w 0 0 Daily quota realization at time

“d Total number of hours ithe effective period of the contract

For thesecond level problem, an affine controller will be used to solve the time varying dynamic
procedure, which assumes that the decision variable is affine to the system output. Applied this
problem, the bidding amount for each hour is assumed to be affihe &bectricity that has been
delivered to the PPA buyer. Given the assumption, tbengelevel problem can obtainuaique
analytical solution, which is the bidding strategies for each hour every day, with a specific
contract. Detailed mathematical prdoee for the affined controller will be discussed separately

in the following section.
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With the second level solved, tfiest level problem is essentially trying to find a good design for
the contract terms, so that the overall revenue could be maxinhtesthwhile, similar to the
previous two chapters, a charmanstraint is used to depict tRPAb u y e r -degret attitude
Therefore, a chanemonstraint basedendic Algorithm (GA) will be used to deal with the
iterative searchThe GA has been appliéa many optimal control problems, and is able to obtain
the global optimal solution fairly especially when the optimization problem has multimodal
objective functions or irregular search spadidslland 1975, Glodberg 1989, Liu 2009)he

framework for the GA process is similar to the one summarizedaipteh4.

5.3Second Level Shoiterm Bidding Strategyising Affine Controller

5.3.1 Secondevel OptimizatiorProblem

We first considethe secondevel problem,which is an hourly dynamic problem. The central idea

is to decide the bidding amount in the spot market for each hodrthe remaining of the
generation will be selling to the loigrm buyer, which is fed into the monthly quota of the PPA
contract Although the hourly revensdrom the spot markeireindependent, which is only based

on the actual generation amount for each hour, the strategy associated with the PPA are time
varying as a dynamic process. There is a momghntity pre-determined in the contract, which

can be regarded as a fiwotafor the project developer. At the end of each mptith revenue is

settled based on the accumulated delivery amount from eachcboyraring with the quota
Therefore the bidding strategies for each hour not only have the impact on the hourly revenue

from thespot market, but also on the final monthly revenue from the PPA contract.

Meanwhile, with the assumption that in one month, the stochastic parameters for each day are
following the same pattern, the monthly strategy can be transferred to a daibu2decision

making.Figure5-1 illustrates the process ad dailydecision making.
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At each hour, the developer should decide on the bidding ardodinin the DA market, when

the actual generation is realized, the wind IPP will be settled & Tthearket, with regard to the
dayahead LMR) 0, realime LMP0O ¢, and dayahead bidding amout ¢ . Different

with the settling scheme discussed in chapter 3, we make the following assumptions as the market

rules to ensure a fair and manageabhrket with this hybrid strategy existing:

(1) Due to the reliability concernhé wind producer caanly bid at the dayahead markewvith

theamountless than the expected generation amount.

(2) For the sake of reliability, ith a hybrid strategyaking IPP.,if the actual generation is more
than the dayahead bidding amount, the actual delivery shbal@qual to the bidding amount.

Insteadthe remaining electricitghouldbe deliveredto the bilateral contract buyer.

(3) If the actual generation is less than wthegt IPP bids in the daghead market, the difference

will be settled as a negative balance with the-tiea# market price.

With the assumptions, the hourly revenue can be written as:
"O¢ 0 1'YO Qe 0 Q 0 0O 0 0™ QE0O6 00 hn (5-2)

Therefore, the daily revenue from the spot market is:

C-

OO@L Q¢ 60 Q 0B»O 0 O0XQEDO 060 hm (5-3)
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Figure5-1 Dynamic Offtake Controdluring the Project Operation
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Then for each houthe remaining electricity will be delivered to the PPA buyer. The settlement
with the PPA buyer is different with that of the spot marks#ce we assume that the monthly
settlementcan be converted to a daily settlemethie revenue from the PPA conttawill be
settled at a daifpasesThe hourly decision for the delivery to the PPA bugenot independent.
Instead, it should consider forward stelsthe end ofthe day It is a dynamic control problem,

with hourly step written as:

WO p ®O AaOLO 60 MM mMBRY p

Where® 6 means at thbeginning of the™ hour, how much is the amount of ttiaily quota that
has been fulfilled. At each hour, the amount will be adjusted to that from the previous hour, and

the delivery from the actugkeneratiorminus the amount that is sold at the spot market

At the end of the day, the daily reveniuem the PPA contrads settled based on the contract
termsO A . With the contract, the promised quantitywill firstly be settled with price, if

the actual delivery is more than then the difference will be settled by the outperformance price
0 , while if the delivery is not fulfilled, then the wind IPP should pay for a penalty based on the
average market price. Thereforee daily revenuefrom the PPA contraaan be written as

O E@L Qe 6 Q
(54)

0 0 0 GadonY 0ht 0 G QEw"Y O hn
With the dynamic transition functioand revenue functionefined,the general form for the

secondevel optimization problem can be written as:

Gow 0 6 60 0 o0 ado ool O O O

(5-5)
G HOLY O i ?Y 0 o0 aQEeTY 0 ht
(&8
00 p @O GOOGO 60 MR o TBEY p (5-6)
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5.3.2 Model Setup an&olving Metlod

The model ismathematically hard to solve due to the complicated characteristics of the dynamic
control as well as the stochastic parameters. Therefore, we are going to make a simplified
assumptiorof a secalledaffine controllerto deal with the dynamic process. hat systemthe
output feedback controllér 0 is assumed to baffine to the system outpuytén the form of
60 + onfBho M plg8”Y p, in which the functions are affine. The affine
controller design problem is not convex in its original form, but it can be converted through some
mathematical transformation into an equivalent convex optimization problem, which makes the

problem solvable.

(Skaf and Boyd 200) firstly present the methodology, and propose to use the cla§stbadign
procedure to transform the complicated fwomvex problem to a solvable convex problem.
Detailed proof and mathematical process are summarized iApihendix B To deal with the
stochastic parameters in the model, a Monte Carlo simulation pnoeeds tde utilized as an
approximation for the objectives or the constraints whichever are uncertain in (&itafeand
Boyd 2010, Boyd and Vandenberghe 2004pplying the metbdology, it is able to get the

analytical solution of the secoielvel problem

Before applying thenethodology of affine controller, we first need to adjust the model $o as
transformthe formation of the programFirstly, for the max function in the @ctive, we add a

hard constraintad & 0 O, which will force the bidding amount less than the possible
generation amountherefore, themaxpartd Gw0 6 6 6 T in the system transition

function can be approximated@sd 6 o . For the sake ahathematical solvabilityfis a
stricter constraint than which iassumed previously. Nevertheleds,actually makes sense
especially considering théte IPP will try to sell part of the generation to the shkemtn market,

and a stricter sefonstrant wi | | be more convincing from t
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To deal with themin function, we definea new variableof & "Y, whereg¢ "Y & Q& "YH) .

Then the items in the objectiamd constraintunctions can besubstituteds:
GOy 0h oY &Y

G Qew™Y Ol €7Y U

Since part of the objective is to maximied , then in the constraint, 0 can be forced to equal
thed "Q& "YR . Meanwhile, aothertwo constraintsof ¢ Y ®"Y, and¢ "Y 0 should
be addedccordingly.In order to be consistent with the notation of tBkaf and Boyd 2010Wwe
redefined the notatio 6 0 O asthe actual hourly generation amouwhich is a stochastic
variable in this problem. Ae final model that is ready for ttedfine controller programming is

expressed a®-7), where for a daily problenT,=24:

G 0 o6 606 0 0 O wY &£7Y

(&7)

5.3.3 Affine Controller and Simulation

We now apply the affine controller to the mad#¢tailed mathematical proof are summarized in
Appendix B With the detailed paranersG andH formed the dynamicsystem model can be

written as:
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WhereG and Hare”Y p  “Ylower triangular matrix:

11 Tt

o r'l o Il
| p n Y] 11 p n Y]
5 I p p Tt 1 11 p p Tt I
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11 " ] N

o p 8 8 pU up p 8 8 pU
Whenthe causal feedback controller is defined as affinthe output from theprevious steps
and theQ-design proceduris applied, thelecisionvariables can be further written as:
w O 000w O 00w Oi
6 00w o i
Thedecision variable of theroblembecome) andi , andthe is a lower triangular matrixThe
problem itself will be transformed to @nvex optimizatiorprogram(Boyd and Vandenberghe
2004)thus can be solved effigily. Once the problem is solved, as well as the actual generation

amountw is given for the specific periods, the bidding amount in the wholesale ndacketnd

the corresponding accumulated PPA fulfillmend can be calculated.

Furthermore, sincé O0h) oMo o are all stochastic variables and all having continuous
distribution according to (Skaf and Boyd 201Q)we have to approximate the problem by
samplingf r om t hose par amet er sM tndg, thd objective furictoaars . For
bereplacel by the empirical mearand the constraints are expanded accordirigigrefore, the

modelbecomeg5-8):

(5-8)
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® ‘0 00 "M "0 '00® Oi
0 0 "G @ i
Substitutingpwando to the program, the model becomes a linear stochastic program, with the
number of the decision variables B3 +1)/2+T+M. Although the scale of the problem is largely
enlarged with the increase of paramet@rand M, the problem is still solvable througthe

commercially available software.

5.4First Level Long-term PPA Design using GenietAlgorithm (GA)

5.4.1 First Level Optimization Problem

Given the shofrtermbidding strategy solved with specific contract terms, the first level problem

is to iteratively evaluate the contract terms to find the best design for the PPA so that overall
profit is optimized.The iterative search procedure can be illustrated through theviiogé-igure

5-2. As shown in thdigure, every time the contract term is provided for one PPA contract (first
level), the shorterm strategy(second dvel) will be decided based on the contract terms, as well
as the estimation of the stochastic variables. The -sharnt strategy directly decide how the
future cash flowwill look like, given the sampling from the stochastic varialobe 6 . Hence the
sdution of thesecond level probleman be regarded asfeedback to the first level about the
expected revenuelhe objective of the first level problem is to iteratively search for a better

design of PPA contract terms that could in turn output an owspthized revenue.
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Figure5-2 Feedback Loop for the First Level Decision Making

Meanwhile, similar to the previous two chapters, two constraints are added in the first level
searching.The frst one is te CVaRconstraint, regarded as the risk control module, and the
second one isthe chanceon st r ai nt , d e priegret decision rmakieglhdfitsy e r 6 s no

level model can be written as:

addw (59
h h 0 5 )
— 0 © ad"QeEw"Y U ht
Y p
i 88
% O I 0 (5-10
RNi6éEi o DODO 6&i 0 OO Qo & (5-11)
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Similar as processed in the last chapter,(88) and(5-10) can be combined as an equivalent

objective function:

AU ch ¢ Yo oy O THY g1 (512
Where
O0UMM M M M h
p T YOO | Ao M M @ D D
h h wa
with
o O 0M&d nh
mT 0 1™
And
Y 5D 5 0 60 0 0 0 Goae’Y O YLp o o

G QE®Y 0 ht
The chance constraiff-11) is the neregret constraint for the lgar. In specific, for a monthly
decision,there is only one constraint thath e ¢ k t h e-redretipyobabiliysL ento buyer 6s
demand for electricity as ,from t he PPA ¢ ont of bugirg the deliveredb uy er 6 s

electricity is
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Combined, the chanamnstrainbf b u y e r-régeet candoe written 5-13), with which ®is set

as the confidence | ev.el for buyerods decision mak
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5.4.2 Geneic Algorithm (GA) and Simulation

Similar to the chapter four, the GA framework can be established to conduct the iterative search.
Meanwhile, thesimulationprocedure is also similar, whetiee parameter af 6,0 0 and

@ o0 O o aresampled!times Then the objectiveuncton (5-12) should be modified as:
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Where
Y O 0 6 66 0 0 0 ddwe Y U h
(5-19)
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The value forthe chance constraint is the frequency with which the current solution satisfies the
constraints. Let be the number of random vectors that satisfy the chance consffaietswith

eachconstraint checkthe chance constraints are evaluated as:

190 E (5-16)

With all the model ready for the algorithttie GA canbe solved withthe parameters set up as

Tableb5-1:

Table5-1 Parameters fobtochasticGA Programming Setup

Number of Variable, N 4

Size of Population, K=10*N 40
Number of Generation, G=10*K 400
Number of Sampling, Omega 100
Probability of Crossover, Pc 0.7
Probability of Mutation, Pm 0.1

5.5Case Studyor Cape Wind Project

The Cape Wind project will be discussed again in this chapker.data is to be processed at a
daily based, while assuming the market price and wind resanedellowing the same daily
pattern within one month. Therefore, the monthly regression is based on the hourly data collected

for the same month. For exampllee wind speed fahe first hourof the 31 days in Januafyom
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2009 to 2012 will be collected to conduct the Weibull regression, andfdhusthe sampling
seed for the first hour of 31 days in January for year 2013. The procedure also apply te the day

ahead and redime market price, while the distributions are assumed to be normal.

With LI samples generated, the GA programming are run which calls the affine controller
programming as the second level solution, evaluate the cleanstraint and calculatéhe

objective forpop-sizetimes.The evolving procedure will be conducted &enerationtimesto

find the best PPA contract design whitimimize the weight sum of the CVaR ati negative

tot al revenue, a n dregsehcoristaihtilearsvhile, the shdterm biddibgs n o n
strategy will also be found through the second level dynamic feedback system. In the end, the
model will output a hybrid strategy which enables the project IPP to simultaneously manage the

long-term and shosterm offtake

5.5.1 Longterm PPA Solutiomvith Hybrid Strategy

The sol uti on offtake straegycitepammelwhtamédshrough 40Generationsof
GA evolving processFigure 5-3 takes January as an example ahowsthe progressingf the

solutions through the evolution procedure

Observation 5.With the 400 generations, the decision variables start with a higliliglin the
searching area, get stabilized after around th& gé@eration, and progressivehovingtowards
the optimized solutiofrom the 0" generationWith the ultimate objectiverogressingowards

minimization, the total revenue is maximizadd the CVaR is minimized.
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Figure5-3 Evolution Procedure for GA Programmifgan)

It is worth notice that the solution obtained from the prognamg is for the daily PPA. In order
to convert to the optimized monthly PPA desion the total projectthe electricity delivery

guantity should badjusted withthe number of days fahe month the number of wind turbines

for the project, as well as thmits.

As a result, the contract terms design for the wheber Y013aresummarized am Table5-2 and

Figure5-4.
Table5-2 Solution for PPA ©ntract Terms
Month 1 2 3 4 5 6
Contract Price ($) 48.64 41.99 40.15 34.83 36.15 38.54
Contract Quantity (kwh) 118 125 102 98.4 82.8 64.8
Contract
Outperformance Price ($) 6.35 8.35 2.13 1.19 2.55 2.79
Month 7 8 9 10 11 12
Contract Price ($) 36.12 37.38 40.12 38.65 35.64 41.37
Contract Quantity (kwh) 67.3 68.4 92.4 122 129 136
Rl 3.54 3.32 4.91 1.66 2.24 3.06

Outperformance Price ($)
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Figure5-4 Long-term Decision for PPA Contract

Observation 22 Different with the single PPA strategwith the hybrid strategy both the
contract price and the contract delivery amount are signed as smaller than the expected market

parameters.

As shown in the figurethe wind IPPs only takeoff part of their generation capacity using-long
term PPA contract, so that they can userdrmaining capacity to take advantage of the short
term wholesale market offtakelhe proportion of the contract amount over the expected
generation capacity is in average 75%, with the range of [66%, 85%]. That mean®rmdsout

guarter of the generationmacity are expected to be sold through the wholesale market.

Meanwhile, in order to obtain the flexibility of allocation between the two types of strategies, the
wind IPP is willing to sign lower contract price for PPA buyer than expected market price.

Furthermore, the outperformance price is very small since the IPP has high flexibility to sell the
redundanamount to the market but not to the PPA buyer. The lower outperformance price can be

treated as a good negotiating point when the buyer is congjde&in neregret possibilities.
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